Potato genetical genomics: investigating the genetic basis of primary metabolism and its relationship to the phenotype by Carreño Quintero, N.
Potato Genetical GenomicsInvestigating the genetic basis of primary metabolism and its relationship to the phenotype
Natalia Carreño Quintero
Thesis committee
PromotorsProf. Dr H. J. BouwmeesterProfessor Laboratory of Plant Physiology, Wageningen University 
Prof. Dr R. G. F. VisserProfessor of Plant Breeding, Wageningen University
Co-promotorsDr J. J. B. Keurentjes Assistant professor, Laboratory Genetics, Wageningen University 
Dr C. W. B. Bachem University teacher, Wageningen University
Other membersProf. Dr F.A. van Eeuwijk, Wageningen UniversityProf. Dr M.C. Haring, University of AmsterdamDr C.H. de Vos. Plant Research International Dr A. Fait. Ben-Gurion University of Negev, Israel
This research was conducted under the auspices of the Graduate School of Experimental Plant Sciences (EPS).
Potato Genetical GenomicsInvestigating the genetic basis of primary metabolism and its relationship to the phenotype
Natalia Carreño Quintero
Thesis
submitted in fulfilment of the requirements for the degree of doctorat Wageningen University
by the authority of the Rectus Magnificus Prof. Dr M.J. Kropff, in the presence of the Thesis Committee appointed by the Academic Boardto be defended in public on Friday 20th December 2013at 11 a.m. at the Aula
Natalia Carreño Quintero
Potato Genetical Genomics: Investigating the genetic basis of primary metabolism and its relationship to the phenotype, 182 pages.
Thesis, Wageningen University, Wageningen, NL (2013) With references, with summaries in Dutch and English
ISBN 978-94-6173-811-0
Table of Contents
Chapter 1General introduction p.7
Chapter 2Genetic analysis of metabolome to phenotype interactions: beyond the model
p.21
Chapter 3
Untargeted metabolic quantitative trait loci (mQTL) analyses reveal a relationship between primary metabolism and 
potato tuber quality
p.47
Chapter 4
A combination of metabolomics and QTL mapping identifies genomic regions responsible for amino acid content in potato
p.93
Chapter 5Insight into the GABA shunt of potato: de-regulated conversion of Glutamate to GABA results in abnormalities in shoot growth and reduced potato tuber size 
p.119
Chapter 6General Discussion p.145
Summary p.163
Samenvatting p.167
Acknowledgements p.171
About the Author p.175

1Chapter  
General Introduction
general introduction
9
None are more hopelessly 
enslaved than those who 
falsely believe they are free. 
Johann Wolfgang van Goethe 
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The Potato CropThe 16th century represents the beginning of the world history of potato cultivation. Before this time, potato was a plant species unknown to the peoples of Europe, Asia, Africa and most of North America, while in the Andean region of South America, potato was probably the most productive source of food for the native communities. The centre of origin of potato 
locates around the area of southern Peru and northern Bolivia (Hawkes, 1990). The first report of potato in Europe dates back to 1567 in Spain, in the Canary Islands (Hawkes and Francisco Ortega, 1993; Ríos et al., 2007); however, large-scale cultivation of the crop began only at the beginning of the 19th century. Today, potato is distributed worldwide and it is one of the world’s most important crops, exceeded only by rice and wheat in terms of human consumption.Potato belongs to the large and diverse genus Solanum and it is considered to be the crop with the highest number of wild relatives in its genus, with approximately 228 wild species being recognized (Bradshaw and MacKay, 1994). In the Andes, the cultivated landraces (primitive indigenous potatoes) present a large range of diversity in tuber colour and shape, leaf shape 
and floral characteristics and growth habit (Spooner et al., 2005). The ploidy levels range from diploid (2n = 2x = 24) to hexaploid (2n = 6x = 72), all with the same base number of chromosomes (x= 12). The majority of diploid species have been reported to be self-incompatible, whilst the tetraploids and hexaploids are self-compatible allopolyploids that exhibit disomic inheritance (Hawkes, 1990). Most of the cultivated species are tetraploid, predominantly from the species Solanum tuberosum.Potato is mainly grown for the production of tubers for human consumption. However, there is also a wide variety of industrial applications. Potato tubers are an excellent low-fat source of carbohydrates and they are rich in vitamin B1, B3, B6 and especially in vitamin C. They have also been recognized as a good source of potassium, magnesium, phosphorus and iron (International Potato Center, CIP and US Department of Agriculture Database, USDA). Starch content accounts for 80% of the tuber dry weight and, in addition to being a food component, it is employed in the production of paper, textiles and adhesives.The major factors that limit yield in potato are pests and diseases. Among them, late blight is widely recognized to be the most devastating one. Other bacterial and viral diseases (e.g. bacterial wilt, potato blackleg, potato virus Y) also have an important impact on production. In addition, the shallow root system results in high susceptibility to abiotic stresses such as drought (Vos and Groenwold, 1987), leading also to severe losses in production.
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The agronomical plasticity of the crop allows its cultivation in different agro-ecological areas and the cultivated area is therefore continuously expanding. The increasing economic importance further stimulates the interest in improving its production, especially in developing countries. Therefore, there are many efforts to create platforms for genetic improvement, which are instrumental in potato breeding programmes. An important 
example of such an effort is the recent completion of the potato genome sequence (PGSC, 2011), which will certainly open new possibilities to broaden our understanding of important aspects of the physiology and evolution of this important world crop and will have a major impact on breeding efforts.
Metabolism and Plant BreedingMetabolites play an essential role throughout the life cycle of a plant, as they are involved in fundamental processes such as plant growth, development and performance (Kooke and Keurentjes, 2011). Among the many functions of metabolites are the formation of building blocks for structural components of the plant, the regulation of sink-source interactions and the response of plants to biotic and abiotic stresses (Roitsch, 1999; Cosgrove, 2005; 
Allwood et al., 2008). The metabolome of a plant reflects a series of genetic, chemical and environmental interactions and the study of the chemical composition of plants has been of remarkable importance in plant biology. In addition, the societal uses of plants are strongly determined by the metabolome and this has stimulated research on metabolites that can be 
used as flavour and fragrance compounds, medicine, or that are important for the quality of food and non-food products.In crop species, the chemical composition of the plant has been a major focus in 
breeding for quality traits. In potato, the focus of improvement is determined according to the use of the tuber in food and non-food industries. For example, for potato as a 
food, crop breeding efforts have focussed on improving quality parameters such as 
nutritional value and organoleptic properties such as texture and flavour (Shepherd et 
al., 2007). Some metabolites that are important for tuber quality include amino acids, sugars, starch, vitamin C, carotenoids, anthocyanins and glycolalkaloids. Research that explores the phytochemical diversity of these compounds and the genetic basis of their formation and content within Solanum is of great importance for breeding programmes.Although less studied in potato, another research area where the chemical composition of the plant provides important insights is in plant responses to stress. Abiotic and biotic 
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stresses perturb the metabolic homeostasis of the plant, generating adjustments in several metabolic pathways (Shulaev et al., 2008). Knowledge on the general metabolic 
plant response to stress can hint at specific pathways and metabolites that are crucial for plant performance under adverse conditions.
Metabolomics: Non-targeted ApproachesTraditionally, many metabolites of interest are measured using targeted analytical 
methods that allow the identification and quantification of small numbers of metabolites. However, developments in analytical chemistry have improved the 
techniques of separation and detection, and it is now possible to analyse a wide range of metabolites from different compound classes. This more recent approach of measuring multiple metabolites at once, called metabolomics, offers great possibilities to screen 
not only for crop nutritional quality but also to investigate the metabolic status of a 
plant in biotic and abiotic interactions. Plant metabolomics is a relatively new field 
that has greatly benefited from the advances in analytical methods and data analysis. 
The implementation of these technologies aims at the detection, in a qualitative and 
quantitative manner, of as many metabolites as possible present in a tissue, organ or the whole plant (Hall, 2011). An increasing number of studies have successfully employed these methods in a wide variety of model and crop species. In potato, metabolomics has been used as a diagnostic tool to analyse the metabolic status and changes therein under different environmental conditions (Urbanczyk-Wochniak et al., 2005), in response to 
genetic modification (Roessner et al., 2001) and to analyse the phytochemical diversity present in important collections of Solanum germplasm (Dobson et al., 2008; Dobson et al., 2009). These studies employed one of the most commonly used metabolomics technologies (i.e. Gas Chromatography coupled to Mass Spectrometry, GC-MS), yet the list of available analytical platforms is extensive and under continuous development (Hall, 2011). Chapter 2 of this thesis describes the use of metabolomics and the corresponding 
equipment and data-processing tools for the analysis of a variety of different crops. The implementation of this technology provides interesting prospects to better understand the metabolic regulation at the pathway and network level (Sweetlove et al., 2008; Stitt et al., 2010). In addition, and as proposed previously by (Fernie and Schauer, 2009), 
plant metabolomics combined with genomic sequencing and high-throughput reverse genetics can provide valuable information to infer strategies for metabolomics-assisted breeding.
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Technologies used in Metabolomics:Although the advancements in mass spectrometry have been substantial, the complexity of 
the plant metabolome is vast and there is no single technique that can be applied alone to detect all the different metabolites in a biological sample. Currently, the detection of different compound classes is only accomplished through the implementation of a number of analytical platforms. Most of the metabolomics approaches use combinations of separation 
and detection techniques that are often referred to as “hyphenated technologies” and there are three main analytical platforms for metabolite analysis in plant tissues: GC-MS, LC-MS 
and NMR. For chromatographic separation, the most commonly used techniques are gas 
chromatography (GC) and liquid chromatography (LC). GC is employed for the separation of volatiles using a capillary column and temperature gradient for separation. Volatile compounds can be naturally present in plants or they can be obtained from non-volatile compounds through chemical derivatization. For metabolite detection after separation, GC is combined with Mass Spectrometry (MS) or Time-of-Flight Mass Spectrometry (TOF-MS). The analysis of (semi-) polar primary metabolites using GC-(TOF)-MS is one of the best developed analytical platforms in metabolomics (Fiehn et al., 2011). Among the advantages of GC-MS are the relatively inexpensive sample analysis, good sensitivity, separation and reproducibility, and good software and database support (Hall, 2011).LC-MS, on the other hand, has great advantages for the detection of compounds with 
higher molecular weight, stronger polarity and lower themostability and does not require 
volatilization of metabolites (Bowne et al., 2011). In LC-MS analysis there is larger flexibility in the combination of different separation modules and mass spectrometers. The separation 
module can be targeted to different compound classes using aqueous normal phase columns (Pesek et al., 2008), zwitterionic hydrophilic columns (Strege, 1998) and a variety of reverse phase columns (Fiehn et al., 2011). For compound detection, the LC module can be coupled to more than one detector, allowing good selectivity and fragmentation of the compounds. Disadvantages of this technology, in contrast to GC-MS, are the limited database support and reference libraries.Nuclear magnetic resonance (NMR) is known to be a non-destructive method for metabolite 
detection and quantification. This method can be used for detection and quantification of a wide variety of compound classes irrespective of their molecular weight, charge, volatility or stability (Dunn and Ellis, 2005). One of the advantages of this method is that it also 
provides structural information of the metabolites so they can be more easily identified than in mass spectrometry. However, the low sensitivity of the method limits its use for the 
analysis of large numbers of low-abundant compounds. In addition, it requires expensive instrumentation and a relatively large amount of sample (Hall, 2011).
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A different separation technique that is less commonly used is Capillary Electrophoresis (CE). For compound detection, this method is also combined with MS and it is recognized for its excellent sensitivity. This method provides information mainly on polar or ionic 
compounds in biological fluids and one of the advantages is the short time for analysis 
and very small amount of sample that is required (Zhang et al., 2012).More combinations in parallel or serial arrangements of different methods, including 
the above-mentioned and others, have also been developed to improve the quality of separation and/or detection of the compounds. Excellent reviews on these technologies have been published earlier (Saito, 2006; Weckwerth, 2007) and in chapter 2 of this 
thesis a description of the commonly used analytical techniques for different types of compounds is presented for crop species.
Genetic Analysis of Complex Traits in PotatoThe complex genetic nature of potato presents a challenge for the elucidation of the 
genetic factors underlying quantitative traits. Most potato cultivars are tetraploid, highly heterozygous and they suffer from inbreeding depression (PGSC, 2011). As a 
consequence, potato is not an ideal species for classical genetic research and most studies are therefore conducted with diploid species with bi-parental mapping populations.
The development of linkage maps is pivotal to study the genetic basis of qualitative and 
quantitative traits. In potato, investment in the construction of linkage maps has resulted in the development of an ultra-dense genetic map that represents a valuable resource for mapping applications and genetic anchoring of a physical map (van Os et al., 2006). In addition, the advancements made in mapping methods have also contributed to a 
better understanding of quantitative traits of agronomical importance including late blight and pest resistance. Previous studies have investigated the genetics of important traits such as leaf senescence (Malosetti et al., 2006), dormancy (Freyre et al., 1994), tuberization (Fernandez-Del-Carmen et al., 2007), yield and starch content (Schäfer-Pregl et al., 1998), tuber shape (Van Eck et al., 1994), cold sweetening (Menendez et al., 
2002 ) and tuber flesh colour (Kloosterman et al., 2010), among others. In these studies, 
the development of segregating populations and the application of QTL analysis have 
led to the identification of major and minor QTLs. However, good genetic resolution 
is often lacking and usually fine mapping is required for candidate gene analysis. To 
facilitate the identification of key candidate genes, a priori knowledge of the biological 
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model or biochemical pathways involved in the trait of interest are required. In addition, gene expression analysis can assist in the selection, as it reveals genes that may be functionally linked to the trait (Bachem et al., 1996; Brem et al., 2002; Wayne and McIntyre, 2002; Schadt et al., 2003; Fernandez-Del-Carmen et al., 2007; Kloosterman et al., 2010).More recent studies have implemented association mapping methodologies, using tetraploid cultivars, to identify marker-trait associations. Association mapping exploits the shared genetic inheritance of a group of individuals. Hence, and in contrast to traditional linkage mapping, assuming many generations, and therefore meiosis, a 
much finer mapping resolution, greater allele number and time saving in establishing the marker-trait association are achieved with this approach (Yu and Buckler, 2006). However, traditional linkage mapping and association mapping are complementary 
approaches and they are usually applied in combination to cross validate the identified 
associations. To date, association mapping in potato has successfully identified associations between genomic regions and tuber bruising, enzymatic tissue discoloration (D’Hoop et al., 2008; Urbany et al., 2011), cold sweetening and after-cooking darkening (D’Hoop et al., 2008; Baldwin et al., 2011).
Genetical Metabolomics: Investigating the Complex Genetic Nature of the Plant 
Metabolome
The variation observed in metabolite levels is of quantitative nature and only moderately heritable (Schauer et al., 2006; Rowe et al., 2008; Schauer et al., 2008). Similar to 
other complex traits, QTL mapping is generally used to understand the genetic factors underlying the regulation of plant metabolic traits (Lynch and Walsh, 1998). In the past, owing to the limitations in analytical methods, studies of metabolic traits usually focused on the analysis of a small number of compounds. Today, modern advances in large scale 
metabolite profiling – as described above - and QTL analysis have permitted a broader assessment of the biochemical diversity in plants, offering interesting possibilities to 
revisit the study of the quantitative nature of the plant metabolome.
Bringing together traditional linkage analysis and large scale ~omics profiling was 
first envisaged and implemented in expression profiling studies. In 2001, Jansen and 
Nap (Jansen and Nap, 2001) coined the term “genetical genomics” to describe the 
combination of expression profiling data with traditional linkage analysis. This approach 
was first successfully applied in Saccharomyces cerevisiae (Brem et al., 2002) and it was 
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quickly followed by other studies in a range of animal and plant species. Essentially, 
expression profiles can also be considered as quantitative traits and therefore they are 
amenable to genetic mapping. This also holds true for metabolite and protein profiles and hence the application of this concept has been extended to data obtained using 
these profiling platforms. The incorporation of metabolomics into genetic analysis enhances our possibilities to understand the genetic factors underlying natural variants of metabolic phenotypes and it can be instrumental for the (re)construction of biosynthesis pathways (Keurentjes, 2009). An exemplary study in Arabidopsis 
proved the validity of this approach in the identification of glucosinolate and flavonol glycosylation differences (Keurentjes et al., 2006). Not surprisingly, in plants, this type of approach has been mostly applied in the model plant Arabidopsis and due to the availability of molecular resources for this species, more extensive studies about allelic dominance, heritability and genetic epistasis are an interesting possibility, which can ultimately have important implications in plant breeding (Kliebenstein, 2009).
In crops, the possibility of combining metabolomics with large scale QTL analysis has 
been of special importance in breeding for quality, where metabolites play an important role. In crops such as maize and tomato, good examples illustrating the advantages of this approach already exist. Using this approach, the natural variation present in genetic populations for important agronomic traits such as protein, oil content, fatty acids and 
volatile compounds related to flavour has been evaluated, providing important insights into the genetic regulation of these traits (Tieman et al., 2006; Harrigan et al., 2007a; Harrigan et al., 2007b). Other studies, in tomato and potato, using unbiased metabolomics 
and QTL analysis, led to the identification of QTLs governing the accumulation of important primary metabolites such as sugars, amino acids and organic acids (Schauer 
et al., 2006; Carreno-Quintero et al., 2012). These studies not only revealed that there 
is substantial biochemical diversity within breeding populations, but also identified 
valuable QTLs that can be instrumental in breeding strategies (Fernie and Schauer, 2009).A further interesting application of this approach is the exploration of genetically 
informed links through QTL co-localization. In this case, the relationship between a metabolite and, for example, an agronomic trait is inferred from the examination of common genetic factors that explain the variation of both traits. Non-targeted metabolomics can also enable the understanding of how the metabolic network interacts with the phenotype and in the detection of undesired traits (Fernie and Schauer, 2009). 
The increasing number of sequenced crop species will further improve the value of these approaches as it will help to pinpoint the causal genes.
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The rapid advances in metabolite profiling in model and crop species have brought metabolomics to a point where it can be applied alone or in combination with other ~omics approaches (i.e. genomics, transcriptomics, proteomics). Notably, metabolomics 
is an unbiased approach, does not require sequence information, and it represents the closest level to the phenotype, making it directly relevant to biological function (Stitt and Fernie, 2003) (Figure 1). The ability to combine information of different functional 
levels with quantitative genetics provides an opportunity to investigate predictive associations between the genotype and the phenotype. This information will have crucial value to better understand the complex interactions between molecular levels 
and will aid the efficient use of genomic information in crop breeding strategies.
Figure 1. From the genome to the phenotype. A representation of the bio-molecular organization of information and 
function that leads to the final phenotype. From the genome to the phenotype, the different molecular levels are represented by planes 
that are all present in a specific environment, represented by the circle. Interactions between the different bio-molecular levels are symbolized by arrows.
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Outline of this ThesisThe core objective of the research presented in this thesis is to explore the genetic basis of the composition and content of primary metabolites in a potato population. Primary metabolites play a fundamental role in all aspects of plant physiology and are crucial in the determination of growth, development and plant performance. In this research, the 
possibilities to combine metabolite profiling with genetic information are explored to identify the genetic factors determining primary metabolism and to infer links between metabolites and phenotypes.In Chapter 2 the value of combining the assessment of phenotypic and metabolic diversity to elucidate the genetic basis of complex traits, and the impact of such studies on agricultural important crops is reviewed. The work on model species and the progress made in the application of such approaches in crop species are discussed. In Chapter 3 the untargeted metabolomic analysis on tubers of the core set of the diploid 
potato population    C x E is described. QTL mapping reveals that a large part of the 
metabolic composition and content is under genetic control. QTL co-localizations and other statistical association analyses are used to investigate the relationship between metabolic and phenotypic traits.
Chapter 4 presents a study where the genetic variation in amino acid content in potato 
tubers is studied using targeted and untargeted metabolomics and QTL analysis. QTLs 
based on untargeted metabolomics are confirmed using measurements from targeted analytical platforms, and comparison of the detected genomic regions and strength of 
these QTLs are discussed. In addition, the presence of candidate genes for amino acid 
regulation underlying the identified QTLs is investigated and discussed.
Chapter 5 describes a study on the elucidation of the biological relevance of 
γ-aminobutyric acid (GABA) in potato. GABA displayed one of the strongest mQTLs in Chapter 3 and Chapter 4 and it is associated with multiple physiological plant 
responses. To study the metabolic and biological consequences of altered GABA levels, 
the first enzyme of the GABA pathway was silenced or overexpressed in transgenic potato plants. These plants were evaluated for general growth characteristics and 
metabolite responses were analysed using GC-TOF-MS-based metabolite profiling. 
Chapter 6 discusses and integrates the results of this thesis. Considerations on the 
impact and relevance of findings, general implications for other crop species and feasibility of the approach used will be discussed. 
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Abstract
The past decade has seen increased interest from the scientific community, and particularly plant biologists, in integrating metabolic approaches into research aimed at unravelling phenotypic diversity and its underlying genetic variation. Advances in 
plant metabolomics have enabled large-scale analyses that have identified qualitative 
and quantitative variation in the metabolic content of various species, and this variation has been linked to genetic factors through genetic-mapping approaches, providing a glimpse of the genetic architecture of the plant metabolome. Parallel analyses of morphological phenotypes and physiological performance characteristics have further enhanced our understanding of the complex molecular mechanisms regulating these 
quantitative traits. Here, we aim to illustrate the advantages of including assessments of phenotypic and metabolic diversity in investigations of the genetic basis of complex traits, and the value of this approach in studying agriculturally important crops. We highlight the ground-breaking work on model species and discuss recent achievements in important crop species.
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Metabolomics in Plant ResearchThe study of the chemical composition of plants has always been of great interest 
in biological research, in part because biochemical phenotypes largely reflect the developmental stage of the plant and its interactions with the environment. The richness and complexity of plant metabolites, which are estimated to number around 200,000 structurally different compounds (Dixon and Strack, 2003), represent the extraordinary diversity of functions that natural products serve. Plant metabolites have been conceptually divided into two categories: primary and secondary metabolites. Primary metabolites participate in essential reactions that result in assimilation, transport, and differentiation processes (Fernie and Schauer, 2009). Because they are crucial for proper development, evolutionary changes to primary metabolites have been constrained, and their regulation is tightly controlled (Kooke and Keurentjes, 2011). Metabolites whose functions are not directly related to plant development and growth, and are instead more connected to interactions with the environment, are referred to as secondary metabolites. These are chemically more diverse, and their natural variation 
is more extensive both in quantitative and qualitative terms (Keurentjes, 2009).Characterizing the metabolome of plants is pivotal to understanding their biology 
because they are sessile organisms and must adapt, often through metabolic flux (see Glossary), to a constantly changing environment. These adaptive mechanisms are 
primarily encoded in the genome, but they are ultimately reflected in the metabolome. The complexity of the biochemical reactions that occur in response to environmental 
changes is well exemplified in plant–pathogen interactions, where global reprogramming in both host and invader is essential to establish a biotrophic relationship (Draper et al., 2011), and there is enormous variation in the biochemical response of the plant (Allwood et al., 2008). Other environmental differences such as alterations in light and nutrient availability also induce physiological changes in the plant that are manifested 
in various chemical reactions. The application of metabolomics to characterize specific 
physiological responses can, therefore, significantly improve our understanding of many aspects of plant biology.
Plant metabolomics is a relatively new field that has benefited from remarkable improvements in mass spectrometry as well as data analysis and interpretation. Although 
gas chromatography–mass spectrometry (GC–MS) is one of the more popular analytical 
methods for plant metabolite profiling (Fiehn et al., 2000), other methodologies such as 
liquid chromatography–mass spectrometry (LC–MS) and nuclear magnetic resonance (NMR) have also been implemented in large-scale studies. However, despite the advances 
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made in the different detection methods, it is still impossible to detect and quantify all 
the metabolites in a given biological sample or cell using a single analytical technique (see Table 1 for commonly used detection methods). In plants, metabolite profiling has been initiated and largely applied in the model species Arabidopsis thaliana, although successful studies have also been performed in a broad range of other species, including economically important crops (Table 2).Because of the large variation in chemical properties and concentration of plant metabolites, the absolute diversity of the plant metabolome can be only partially estimated using current methodologies. Nevertheless, the nature of most of these 
technologies enables quantitative analysis of the variation in metabolite levels between species and within natural variants of a single species (Keurentjes, 2009). 
Recent studies integrating metabolite profiling and quantitative genetics have begun to investigate the genetic regulation of the metabolome in model and crop species (Kliebenstein et al., 2001; Keurentjes et al., 2006; Schauer et al., 2006; Lisec et al., 2008; 
Rowe et al., 2008; Fu et al., 2009; Carreno-Quintero et al., 2012). Some of these studies revealed previously unknown relationships between metabolites and suggested how they are linked to emerging phenotypes (Schauer et al., 2006). The increasing ability 
to generate mapping populations, sequencing data, and metabolic profiling in a wide range of species has allowed such analyses to be implemented in non-model species. 
Here, we highlight the value of combining quantitative genetics with metabolomics to explore genetically inferred links between metabolic and phenotypic variation, and this can provide insights into the regulation of complex traits. We illustrate how the implementation of metabolomics analysis has been extended to agriculturally important crops and how integrated genetic analysis of the variation of metabolites and phenotypes can be instrumental in understanding the regulation underlying agronomic phenotypes (Langridge and Fleury, 2011).
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Table 1. Commonly used compound-specific analytical techniques
Classification Type of molecule Detection methoda,b
Carbohydrates
 
 
Monosaccharides
Oligosaccharides
Lipids
GC-MS
CE/ IE-C
LC-MS
Nucleic Acids Bases, Nucleotides, Nucleosides, Cyclic 
nucleotides
CE-MS
Peptides Amino acids /Amines CE-MS/GC-MS/LC-MS
Cofactors
 
 
Vitamins (Hydrophilic)
Vitamins (Hydrophobic)
Coenzymes
Prosthetic group
LC-MS
CE-MS/LC-MS
LC-MS/CE-MS/IE-C
CE-MS
Steroids  GC-MS/LC-MS
Hormones  LC-MS
Phytochemical compounds
 
 
 
Phenylpropanoids
Polyketides
Terpenoids
Alkaloids
LC-MS
LC-MS
GC-MS/LC-MS
GC-MS/LC-MS
 aCE-MS, Capillary Electrophoresis- Mass Spectrometry; GC-MS, Gas Chromatography-Mass Spectrometry;  LC-
MS, Liquid Chromatography-Gas Spectrometry; IE-C, Ion Exchange – ChromatographybNMR (Nuclear Magnetic Resonance) may also be employed in metabolomics studies for structural analyses, however, due to its relatively low sensitivity, expensive instrumentation and the large amount of sample 
required for analysis the studies employing this technology are limited.
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Table 2. Summary of metabolomic studies for crop plant species.
Type Species Study synopsis Tissue 
Sampled
Technique
used1
Refs
Ce
re
al
s
Barley 
(Hordeum vulgare) 
Metabolic responses to 
salt stress in two barley 
cultivars 
Leaves 
and roots 
GC-MS (Widodo et al., 2009)
Maize 
(Zea mays) 
Metabolic profiling for 
genetic mapping  
Metabolic profiling to 
evaluate the impact of 
genetic background, 
growing location and 
season  
Leaves
Grain
GC-MS
GC-MS
(Riedelsheimer et al., 2012)
(Röhlig et al., 2009)
Rice 
(Oryza sativa) 
Metabolic profiling 
Metabolic phenotyping 
of natural variants in rice
Metabolic profiling for 
evaluation of transgenic 
rice 
Leaves
 
Grains 
Grains
CE-MS
GCMS/
GCxGC-MS
GC-MS 
(Sato et al., 2008)
(Kusano et al., 2007)
(Zhou et al., 2009)
Wheat
(Triticum spp)
Metabolic profiling for 
evaluation of metabolite 
variation in European 
cultivars
Leaves 1H NMR (Graham et al., 2009)
Le
gu
m
es
Barrel Medick 
(Medicago truncatula)
Functional 
characterization 
of triterpene 
glycosyltransferases
Metabolite profiling for 
functional genomics
Cell 
cultures 
Cell 
cultures 
HPLC-MS
HPLC-PDA-
MS
(Achnine et al., 2005
(Farag et al., 2009)
Mung beans 
(Vigna radiata) 
Metabolite profiling to 
investigate metabolic 
changes in the course of 
sprouting 
 Seeds GC-MS (Na Jom et al., 2011)
Pea 
(Pisum sativum) 
Metabolite fingerprint of 
transgenic peas
Leaves 1H NMR (Charlton et al., 2004)
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M
ed
ici
na
l p
la
nt
s
Madagascar 
periwinkle 
(Catharanthus roseus)
Gene-to-metabolite 
networks for terpenoid 
indole alkaloid 
biosynthesis 
Cell 
cultures
LC-MS (Rischer et al., 2006)
Perilla
(Perilla frutescens) 
Functional genomics  
for accumulation of 
anthocyanins in red and 
green perilla
Whole 
plant
LC-MS (Yamazaki et al., 2008)
Br
as
sic
ac
ea
e Turnip rape 
(Brassica rapa) 
Metabolic profiling 
to study population 
differentiation in a core 
collection
Leaves LC-MS (Pino Del Carpio et al., 
2011)
So
la
na
ce
ae
Potato 
(Solanum tuberosum) 
Untargeted metabolic 
profiling 
Characterization of 
potato cultivars
Evaluation of genetically 
modified potatoes
Tubers
 
Tubers
Tubers 
GC-MS 
GC-MS
GC-MS
(Roessner et al., 2000; 
Carreno-Quintero et al., 
2012)
(Dobson et al., 2008; 
Dobson et al., 2009)
(Roessner et al., 2001; 
Catchpole et al., 2005)
Tomato 
(Solanum 
lycopersicum) 
Untargeted metabolic 
profiling for genetic 
mapping 
Untargeted metabolic 
profiling of fruit volatiles
Metabolic profiling 
during development
Metabolome database 
for LC-MS
Characterization of 
tomato cultivars
Metabolite profiling of 
carotenoids
Metabolic profiling of 
genetically modified 
tomatoes
Leaves 
and fruits
Fruits 
Peel and flesh 
fruit tissues 
Fruit
Fruit
Fruit
Fruit
GC-MS 
SPME-GC-
MS/GC-MS
UPLC-QTOF-
MS
LC-MS
LC-MS/1H 
NMR
MALDI/TOF-
MS
1H NMR
(Roessner et al., 2000; 
Schauer et al., 2006)
(Tikunov et al., 2005)
(Mintz-Oron et al., 2008)
(Moco et al., 2006)
(Moco et al., 2008)
(Fraser et al., 2007)
(Le Gall et al., 2003)
Tobacco 
(Nicotiana tabacum) 
Functional genomics 
for jasmonate-induced 
shifts in biosynthesis of 
tobacco metabolites
Cultured 
suspension 
cells
GC-MS (Goossens et al., 2003)
Pepper 
(Capsicum sp.)
Metabolic profiling to 
study metabolic diversity
Fruit HPLC-PDA/
LC-PDA-
QTOF-MS-
MS
(Wahyuni et al., 2011)
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Fr
ui
ts
Grapes 
(Vitis Vinifera) 
Metabolic profiling for 
evaluation of metabolite 
variation in cultivars
Fruit 1H NMR (Pereira et al., 2005)
Raspberry 
(Rubus idaeus) 
Metabolic profiling 
to identify beneficial 
compounds 
Fruit LC-MS (Stewart et al., 2007)
Strawberry
 (Fragaria ananassa)
Untargeted 
metabolic analysis of 
developmental stages of 
fruit development 
Untargeted metabolic 
analysis of flowers 
organs
Fruit 
Flowers
FTMS1
UPLC-qTOF-
MS 
(Aharoni et al., 2002)
(Hanhineva et al., 2008)
Melon (Cucumis 
melo)
Metabolic profiling Fruit 1H NMR/
GC-MS 
(Biais et al., 2010)
1GC-MS: Gas Chromatography-Mass Spectrometry; FTMS: Fourier Transform Ion Cyclotron Mass Spectrometry; 1H NMR: Proton nuclear magnetic resonance; HPLC-MS: High performance liquid 
chromatography-Mass spectrometry; HPLC-PDA-MS: High performance liquid chromatography-Photodiode-
Mass Spectrometry;  LC-MS: Liquid Chromatography- Mass Spectrometry; MALDI/TOF-MS: Matrix assisted 
laser desorption ionization/Time of flight- Mass Spectrometry; SPME-GC-MS : Solid phase micro extraction- 
Gas Chromatography- Mass Spectrometry; UPLC-qTOF-MS: Ultra-performance liquid chromatography-
quadrupole time of flight- Mass Spectrometry. GC-MS: Gas Chromatography-Mass Spectrometry
Investigations into the Genetic Basis of the Plant Metabolome: 
metabolic QTL analysis
The variation present within species is of great use to study the genetic basis of quantitative 
traits using quantitative trait locus (QTL) mapping approaches. Possibly as much as morphological phenotypes, biochemical phenotypes (i.e., metabotypes) have been of great 
benefit to scientists studying the genetic regulation of the formation of metabolites and their function in plants (Kliebenstein, 2009). Past studies in both model and crop species investigated the genetic architecture of individual and small families of targeted compounds (Byrne et al., 1996; McMullen et al., 1998; Kliebenstein et al., 2001; Lou et al., 2008; Feng 
et al., 2012), resulting in the identification of QTLs for total soluble solid content in wild species of tomato, viz Solanum penellii (Fridman et al., 2000), QTLs controlling the synthesis of defence compounds (i.e., maysin) in maize (Byrne et al., 1996), and genomic regions responsible for glucosinolate accumulation in Arabidopsis (Kliebenstein et al., 2001), 
Brassica rapa (Lou et al., 2008), and B. napus (Feng et al., 2012). Impressively, some of these 
QTLs have even been narrowed down to single base polymorphisms (Fridman et al., 2004).
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In recent years, the combination of large-scale non-targeted metabolic profiling with 
QTL analysis has allowed a broader exploration of the genetic architecture of the plant metabolome than was previously possible. Technological improvements in sample throughput and analytical sensitivity now allow more comprehensive non-targeted 
metabolomics analysis. An influential study on non-targeted metabolic profiling in 
Arabidopsis (Fiehn et al., 2000), which evaluated hundreds of metabolites in a single run, paved the way for non-targeted approaches to assess metabolic content and alterations due to different genetic backgrounds and conditions. Shortly thereafter, such 
approaches were also implemented in non-model species. GC–MS, LC–MS, and NMR have been employed as analytical platforms to generate comprehensive metabolite 
profiling of tomato cultivars (Solanum lycopersicum) and populations. Metabolites associated with fruit development, the ripening process, taste, and health-promoting effects have been the subject of intensive research (Tikunov et al., 2005; Fernie and Schauer, 2009; Osorio et al., 2009). In potato, several studies have used metabolite 
profiling to assess the metabolite content of different accessions and genetically diverse cultivars (Dobson et al., 2008; Dobson et al., 2009), and to evaluate potentially 
unidentified effects of genetically modified plants (Roessner et al., 2001; Catchpole et al., 2005). Another study, also in potato, showed interesting results on the utilization of metabolomics for the characterization of antisense or knockout plant genotypes. 
Results showed differential metabolic networks between modified genotypes that did not show an apparent phenotype (Weckwerth et al., 2004).Despite these early successes, most studies applied metabolomics in crops for 
metabolite fingerprinting, and very few investigated the genetic factors underlying metabolite variation. However, the combination of non-targeted metabolomics and 
quantitative genetics in crops was explored in a study using GC–MS-based metabolite 
profiling on tomato introgression lines (ILs), resulting in the identification of the genetic components of metabolic fruit composition (Schauer et al., 2006). Furthermore, network analysis based on correlations between traits revealed links between metabolites of nutritional and organoleptic importance with traits of agronomic relevance (Schauer et al., 2006). A later study using the same ILs looked in more detail at the heritability 
and stability of the metabolic QTLs identified previously, evaluating one more year of harvest and extending the analyses to lines heterozygous for the introgression of 
chromosomal segments (ILHs). Interestingly, the majority of metabolic QTLs showed dominant or additive modes of inheritance, and several chemically closely related metabolites displayed similar modes of inheritance (Schauer et al., 2008). Another 
recent study in potato used a combination of metabolite profiling with genetic analysis 
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to reveal genomic regions associated with metabolite variation. Genetically inferred 
links between metabolites and traits related to tuber quality were established and validated, providing information on putative metabolic indicators associated with tuber 
quality traits (Carreno-Quintero et al., 2012).Taken together, the results and conclusions of the above studies demonstrate the 
potential of using metabolic profiling for quantitative genetic analysis in agriculturally 
important crops. An interesting aspect of metabolic QTLs highlighted in the above examples is the investigation of the relationship between metabolites and traits of agronomical and biological importance. Genetically inferred links between these 
two sets of traits can be established through the evaluation of parallel QTL analyses, allowing a multilevel approach and, perhaps even more promising, the prediction of traits through metabolite composition (Figure 1).
Figure 1. Analysis of experimental populations to determine gene function. Genotyped experimental 
populations segregating for quantitative traits can be analysed using different screening methods. The data generated can be used for mapping and genomic regions responsible for the observed variation are then 
determined. The identification of the causal genes underlying the QTL and ultimately gene function will be facilitated by the combined analysis of the retrieved data and additional information obtained using 
bioinformatics tools. Subsequently the analyses should be confirmed and validated by experimental evidence. BSA: Bulk Segregant Analysis. The metabolism path is taken from the Kyoto Encyclopedia of Genes and Genomes (http://www.kegg.jp/kegg/pathway/map/map00020.html)  and the network map is taken from Cytoscape (Cytoscape: A Open Source Platform for Complex Network Analysis and Visualization) webpage (http://www.cytoscape.org/#)
30
genetic analysis of metabolome to phenotype interactionsChapter 2
31
2
Leveraging Metabolite Interactions to Understand the Genetic Basis 
of MetabotypesIt has been suggested that metabolic studies can be used to reconstruct associations between known pathways and to generate hypotheses about new biochemical 
pathways (Rowe et al., 2008). Information obtained from metabolic QTL analysis can be used to infer unknown relationships between metabolites. Using a logical approach, 
relationships between QTLs of unknown metabolites, such as coincidence and epistasis, can help in the construction of novel putative biochemical networks related to pathways of interest (Rowe et al., 2008). This strategy becomes even more promising when linkage analysis is applied to broad-spectrum metabolomics where a large number of metabolites can be measured.Targeted approaches in Arabidopsis have helped to elucidate the genetic architecture of the glucosinolate pathway by linking natural genetic variation to information on metabolites and transcripts, providing insight into pathway regulation (Kliebenstein et al., 2001; Wentzell et al., 2007; Rowe et al., 2008). It was shown that the glucosinolate pathway is regulated by a complex feedback interaction between metabolites and genes. In addition, transcripts displayed higher heritabilities than metabolic traits, suggesting that the environment may have a greater effect on metabolic accumulation than on transcript accumulation (Wentzell et al., 2007). However, it is important to consider that differences in heritability can be also due to intrinsic biological variation, undermining the heritability estimation.Studies investigating the genetic basis of plant metabolites in non-targeted approaches have shown the existence of regulatory hotspots. Comprehensive metabolic studies in 
Arabidopsis populations revealed an unequal distribution of metabolic QTL over the genome, suggesting the existence of master regulators of metabolite accumulation (Keurentjes et al., 2006; Wentzell et al., 2007; Lisec et al., 2008; Rowe et al., 2008). In 
a recent study in potato the same phenomenon was observed (Carreno-Quintero et al., 2012), suggesting that biological networks are scale-free structures entailing hotspots of regulation. However, it is important to consider that, depending on the analytical 
method employed, specific groups of biochemically related metabolites might be enriched and their variation in accumulation will at least partly be explained by the same genetic regulators (Keurentjes et al., 2006). This can, for instance, be the case for 
variation in genes upstream in biochemical pathways. QTL hotspots may also indicate an uneven distribution of biosynthetic genes, which sometimes occur in clusters as a result 
of gene duplication (Lisec et al., 2008). Finally, QTL hotspots may reflect false positive 
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QTLs of highly correlated traits (de Koning and Haley, 2005). Nonetheless, QTL hotspots potentially indicate regions of genes with large pleiotropic effects in plant metabolism, and these can be instrumental in the understanding of phenotypic variation regulated at different molecular levels (Fu et al., 2009).Metabolic networks are composed of complex pathways with a high degree of interconnection; epistatic relationships are thus very likely to occur among metabolic 
QTLs. Genomic regions that genetically interact to regulate the variation of a metabolite may be helpful in locating evolutionary relationships between genes that have diverged through gene neofunctionalization or subfunctionalization after duplication 
(Kliebenstein, 2009). Investigating the outcome of metabolic QTL analysis to understand the contribution of gene duplication to plant metabolism is likely to address and resolve 
some of the open questions about genetic epistasis.The understanding of the genetic basis of the metabolome has certainly expanded our ability to use biochemical information to interrogate the resulting phenotype of a 
plant. However, the genetic resolution is still insufficient to query for complex higher-order genetic interactions underlying metabotypes. This will improve by increasing the population size, which will provide enough statistical support to investigate in detail complex interactions (Langridge and Fleury, 2011). Recently, the possibility of obtaining more insight into the genetic basis of the metabolome was expanded with the application of association-mapping analyses for metabolite measurements in plant species. Due to the higher genetic resolution and greater allele number, compared to experimental mapping populations, association mapping can be very useful in the 
identification of genes responsible for metabolic traits, and successful applications in Arabidopsis have proven the power of this approach (Chan et al., 2010). In maize, association mapping has been applied to understanding the genetic basis of disease resistance and leaf architecture (Kump et al., 2011; Poland et al., 2011; Tian et al., 
2011), and to the identification of genetic associations with metabolic and agronomic 
traits (Riedelsheimer et al., 2012). As new advances in sequencing and development of methods for statistical analysis become available, provided that large populations can be generated, it will be possible to broaden our understanding of the genetic architecture 
of the metabolome and possibly its impact upon the final phenotype.
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Using Genetic Correlations to Link Metabotypes to PhenotypesIn addition to the elucidation of genetic variation of the metabolome, analysis of common genetic factors that affect both metabolic and phenotypic traits can illuminate the relationship existing between these traits. Although the variation in the metabolome is not necessarily causative of the variation in the phenotypes, the ability to analyze variation at different functional levels allows the comparison of the genetic 
determinants and their influence on the final phenotype.Genetically inferred links between phenotypic and metabolic traits can be established 
through the evaluation of common regions of genetic regulation, or QTL colocalization. 
Due to the rapid progress in the development of metabolomics techniques, and the availability of mapping populations in some crops species, this strategy has been implemented successfully in both model and crop species. In Arabidopsis, for example, 
the relationship between plant biomass and primary metabolic QTLs was studied in recombinant inbred line (RIL) and IL populations (Lisec et al., 2008). Results indicated 
a considerable overlap between a subset of biomass and metabolic QTLs, suggesting a strong link between plant growth and primary metabolism. In crops, this strategy 
was quickly applied in tomato and potato. A study in potato explored the relationship between primary metabolism and phenotypic traits in a diploid population (Carreno-
Quintero et al., 2012). Here, QTLs for traits related to starch and cold-sweetening 
colocalized with several metabolic QTLs, and some of the identified colocalizations revealed a link between starch phosphorylation and primary metabolites. In tomato, a slightly different approach was taken to demonstrate links between primary metabolites and morphological traits important for crop breeding (Schauer et al., 2006). In this study, primary metabolites and physiological traits were measured in tomato ILs, and 
QTLs were identified for metabolic and phenotypic traits. The relationship between traits was assessed using pairwise correlation analysis and careful inspection of the obtained correlation network. In addition, the association between sets of traits was 
explored on the basis of shared QTLs between metabolic and phenotypic traits, showing 
that the majority of metabolic QTLs were associated with phenotypic traits, of which harvest index had the highest number of associations to metabolic traits.
These studies demonstrate the potential of metabolic QTL analysis to find relationships 
between phenotypic and metabolic traits. QTL colocalizations may be taken as evidence of genetic coregulation of traits. However, in non-targeted metabolic studies, given 
the large number of variables and the genetic resolution, QTL colocalizations can be fortuitous, which might limit the value of the information obtained. One way to address 
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this limitation is by applying permutation tests to determine statistically significant 
QTL coincidence (Lisec et al., 2008; Zhang et al., 2010). In addition, careful inspection of the data obtained is necessary to evaluate the functional and biological relevance of the colocalizations.
In crop species such as maize and tomato, high-quality genome annotation and development of more elaborate mapping populations will help to achieve higher 
resolution QTL colocalizations. It is also important to consider that the interpretation of colocalizations is often limited by the lack of information on biochemical pathways 
and annotation of compounds, hampering inferences made about the roles of specific genes and metabolites in the determination of the phenotype, or vice versa (i.e., the phenotype determining the metabolic composition).
We are not yet at a point where detailed interpretation of the molecular nature of QTL colocalization can be applied to a broad number of crop species. However, exemplary 
studies in crops such as tomato and potato (Schauer et al., 2006; Carreno-Quintero et al., 2012) have demonstrated that using an integrative approach with genetic resources and candidate genes enables the dissection of causal factors of phenotypic traits and metabolic composition, thereby providing a better understanding of the genetics 
underlying metabolite–phenotype interactions. More such studies are sure to follow.
Integrating ‘Omics’ Technologies to Gain Functional Understanding 
of PhenotypesThe potential of metabolomics as a functional genomics tool in addition to transcriptomics 
and proteomics is well recognized (Fiehn et al., 2000; Bino et al., 2004). Since the first implementations of metabolomics in plants, this analytical approach has been gaining ground in a wide range of fundamental and applied studies. By itself, the information obtained from metabolomics provides useful insights about the biochemical phenotype (i.e., the metabotype) of a plant (Bino et al., 2004). However, the potential to decipher gene function is enhanced when combined with other ‘omics’ approaches. Now that it 
is possible to integrate profiling data at different molecular levels, relevant biological processes can be described from a more systemic perspective (Figure 1). That said, the high dimensionality of the available information make data interpretation a daunting bioinformatic task. The comparisons between different omics approaches can be made by evaluating correlations or through the use of integration algorithms. Such integration 
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methods have been described in several research papers, and we refer the reader to some of these for detailed discussions (Hirai et al., 2004; Bylesjo et al., 2007; Le Cao et al., 2009). Pairwise comparison methods for any combination of these approaches have proved useful (see below). In addition, some studies have attempted to integrate information from multiple levels to provide a more holistic view of the biological process under study (Keurentjes et al., 2008; Fu et al., 2009).
The benefit of combining metabolome and transcript profiling data to characterize gene-to-metabolite associations has been demonstrated in Arabidopsis for stress responses (Maruyama et al., 2009; Urano et al., 2009; Hannah et al., 2010) and hormone-induced changes (Petersson et al., 2009). Other studies also in Arabidopsis have investigated 
global and dynamic responses during specific treatments such as sulfur starvation (Hirai et al., 2005), nitrogen depletion (Scheible et al., 2004), and combined salinity and CO2 stresses (Kanani et al., 2010). In addition, some studies have incorporated information on the enzymatic level to analyse interactions between transcripts, enzyme levels, and metabolites (Keurentjes et al., 2008). Noteworthy also is the use of combined 
profiling analysis to track kinetic changes of transcript and metabolite levels after changes in light intensity and temperature (Caldana et al., 2011). These approaches 
have successfully resulted in the identification of candidate genes and further dissection of the physiological processes under study.
Transcriptomics–metabolomics data integration has also reaped fruits in the field of gene discovery and functional analysis. In an early study in Arabidopsis combined 
analysis of transcript and metabolic profiles of a mutant for the MYB transcription factor 
PAP1 led to the identification of novel genes involved in the production of anthocyanins 
(Tohge et al., 2005). Another influential study further demonstrated the value of this approach by discovering key regulators of aliphatic glucosinolate biosynthesis using an entirely ‘omics’-based elucidation (Hirai et al., 2007).A substantial amount of systems-biology approaches have been applied in Arabidopsis, owing to the wealth of available data for this species (Liberman et al., 2012), but 
significant amounts of data are also available for crop species amenable to similar analyses. The current status of omics tools available for the top 20 crop species illustrates the large effort that has been put towards implementing molecular approaches in crop breeding (Langridge and Fleury, 2011). These efforts have also reached beyond data generation, and integrative approaches are now a realistic option. For example, in tomato, integration of data obtained during fruit development led to the characterization of several aspects of the regulation of the metabolism of fruit development (Mounet et 
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al., 2009) and ripening (Osorio et al., 2011). A similar strategy to investigate the joint 
correlation between three profiling techniques was used to identify biomarkers for 
different developmental stages of berries in grapevine (Zamboni et al., 2010). Here, transcriptional, metabolic, and proteomic data corresponding to berry ripening and postharvest drying (withering) resulted in a comprehensive systems-level picture 
of maturing grapes and in the identification of putative transcripts, proteins, and metabolites predictive of berry development and withering. Such integrated analysis 
resulted in the identification of candidate regulatory genes with great potential as targets for engineering plant metabolism. Importantly, in this respect, comprehensive analyses of changes in metabolism indicate that a large proportion of the regulation of metabolism occurs at the post-transcriptional level (Osorio et al., 2011).The examples above illustrate that important information can be derived from the 
combined analysis of different profiling techniques. In addition, integrative analyses are instrumental in the elucidation of the genetic regulatory mechanisms of complex traits. In principle, such mechanisms are encoded in the DNA, although mutated genes may be phenotypically silent and exert their effects at lower molecular levels that are only 
detectable by means of omics profiling techniques (Weckwerth et al., 2004). However, 
such polymorphisms can still lead to variation in quantitative traits, and omics analyses can thus help to elucidate the interactions that occur at different molecular levels. These approaches can uncover information about the coordination of metabolism during different physiological processes and, perhaps more excitingly, they can identify potential targets for metabolic engineering.
Applications in Crop BreedingThe application of metabolomics and other omics technologies to crop breeding is at an exciting stage. An increasing number of publications demonstrate the growing interest 
from various research fields to investigate plant performance under different conditions using these technologies. Many such studies have assessed the metabolic changes resulting from exposure to different environmental conditions. Although these have provided useful information about biological processes, a thorough investigation of the genetic regulation of such alterations is often lacking, suggesting that the challenge is not in the application of the technology but instead in the interpretation and utilization of the data generated.
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In plant breeding, one of the major goals is to predict phenotypes from a given genotype. 
As outlined above, the combination of quantitative genetic analysis with metabolomics can serve this purpose for a substantial number of traits. The information resulting 
from metabolic QTL analysis allows us to analyse the quantitative nature of traits of interest. Even more promising is the possibility of studying the relationship between 
metabolite variation and the resulting phenotype. The first studies combining metabolic 
profiling with QTL analysis were performed in tomato (Schauer et al., 2006; Tieman et al., 2006), and successfully uncovered loci regulating plant metabolite composition. Moreover, these approaches proved to be valuable tools for breeding tomatoes based on metabolite composition (Fernie and Schauer, 2009). In other crops, such as Brassica 
(Lou et al., 2008) and potato (Carreno-Quintero et al., 2012), metabolic QTL analyses 
have also been implemented using targeted and non-targeted metabolic profiling. In cereals, the application of metabolomics approaches has not been as popular as in solanaceous crops due to the complexity of the genome for genetic analyses (Stewart et al., 2011). However, important efforts on targeted metabolomics have been focused on maize in combination with genetic analysis, showing that such approaches are also feasible in Gramineae (Riedelsheimer et al., 2012).The application of metabolomics strategies in crop species is gradually growing with 
recent studies focusing on disease resistance, plant–insect interactions, and the links between metabolite content and nutritional and sensory characteristics (Draper et al., 
2011). These studies illustrate the advantages of combining metabolic profiling data 
with quantitative genetic analysis, yielding important information about the genetics underlying metabolite composition. Ultimately, the expansion of this approach to other species will be instrumental in understanding key aspects of agronomic performance.
Plant Metabolomics: Challenges and Future ImprovementsThe development of non-targeted metabolic approaches was facilitated by the rapid 
advance in analytical techniques enabling the simultaneous detection of a wide range of compound classes. Currently, metabolomics approaches can even employ serial or parallel combinations of separation and detection technologies known as ‘hyphenated approaches’. The methods most commonly used for the detection of compounds are based either on MS or NMR (Hardy, 2011). Although the improvements in these 
technologies have been significant, the biochemical complexity of the plant metabolome poses challenges when trying to obtain a holistic view of it. The diversity and complexity 
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of plant metabolites is so vast that a full coverage analysis in a high-throughput manner is unlikely to be developed in the near future. Current challenges revolve mainly around three technical issues: the dynamic range, the lack of spatial information, and the limited availability of metabolite databases and libraries.Compounds present in plant tissues differ in concentration depending on their activity 
or physiological role (Hall, 2011). The choice between sensitivity and quantification saturation will affect the span of detection, limiting the range of metabolites that can be measured; thus, in addition to improving detector technology, the optimization of sample preparation and extraction is of fundamental importance (Hardy, 2011). 
The often low spatial resolution related to the required sample size for sufficient sensitivity also poses a challenge. Great effort is being made to improve the analysis to achieve tissue or even single-cell resolution. Methods for the analysis of metabolites at the cellular and subcellular level have been documented, but are often technically challenging and labour intensive (Fernie and Stitt, 2012). Finally, the availability of comprehensive metabolite databases and libraries is crucial for data interpretation and further studies (see Supplementary Material in reference (Saito and Matsuda, 2010) for an updated list of standard spectra databases available for plant metabolomics). In this respect, the reproducibility of the analyses performed in different laboratories 
is of paramount importance for the quality and further use of the data. An initiative concerning the standardization of methodologies for data generation and collection has been formed, and standard protocols are now publicly available (Fiehn et al., 2007).
One of the most difficult applications of the current technology is the analysis of 
pathway fluxes (Saito and Matsuda, 2010; Fernie and Stitt, 2012). These analyses deliver information about kinetic changes of metabolites and their dynamics; although technically challenging, they are potentially very informative for the modes of regulation of plant metabolism.The technical improvements and methods for data interpretation in metabolic analysis have extended our knowledge of the plant metabolome. The progress made in the past few years suggests that it may be possible to measure every metabolite we encounter, 
but it is difficult to envisage measuring the entire dynamic plant metabolome. The biochemical richness of plants will always remain a challenge for metabolomics, but it is worth considering whether we really need to measure every single metabolite to 
answer the questions we ask.
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Concluding RemarksEarly applications of metabolomics and detailed research on the genetics of the metabolome were mainly focused on model species. This research provided essential insights into the regulation of metabolites and their interactions under different environmental conditions. Although extension of these applications to crop species initially lacked metabolomics, remarkable progress has been made in the past decade to develop strategies for studying metabolite interactions in these species with an eye toward crop improvement. Without a doubt, metabolomics studies have moved beyond model organisms, and we are witnessing an interesting stage where this technology is being applied to a wide range of plant species (Table 2). However, the vast biochemical diversity of plant metabolites might be even higher than that detectable by current technologies. Furthermore, the metabolome of any plant is likely to be very dynamic and variable. Thus, we are still some distance away from having a complete 
and comprehensive picture of the plant metabolome. In addition to requiring more 
sophisticated detection techniques, further developments in plant genetics will be necessary to increase our understanding of the genetic basis and regulation of the plant 
metabolome. The incorporation of QTL analyses into metabolomics has broadened our understanding of the genetic basis of metabolite variation. However, we still face the challenge of improving the genetic resolution by increasing the power of the analyses via the use of larger population sizes. In addition, because the plant metabolome is a 
consequence of the genotype–environment interaction, such populations may need to be evaluated under a variety of conditions. Nevertheless, based on recent results, it is clear that approaches integrating genetics and omics represent a valuable strategy for investigating the regulation of the intimate link between plant metabolism and physiology.
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AbstractRecent advances in -omics technologies such as transcriptomics, metabolomics, and 
proteomics along with genotypic profiling have permitted dissection of the genetics of complex traits represented by molecular phenotypes in non-model species. To identify the genetic factors underlying variation in primary metabolism in potato (Solanum 
tuberosum), we have profiled primary metabolite content in a diploid potato mapping population, derived from crosses between S. tuberosum and wild relatives, using gas 
chromatography-time of flight-mass spectrometry. In total, 139 polar metabolites were 
detected, of which we identified metabolite quantitative trait loci for approximately 72% of the detected compounds. In order to obtain an insight into the relationships between metabolic traits and classical phenotypic traits, we also analysed statistical associations between them. The combined analysis of genetic information through 
quantitative trait locus coincidence and the application of statistical learning methods provide information on putative indicators associated with the alterations in metabolic networks that affect complex phenotypic traits.
48
untargeted metabolic quantitative loci (mQTL) analysesChapter 3
49
3
Introduction 
The variation observed in phenotypic trait values in plants is often of quantitative nature, and it remains challenging to unravel the genetic basis of these traits. 
Quantitative trait locus (QTL) mapping is currently the most commonly used approach 
to dissect the genetic factors underlying complex traits. The goal of QTL mapping is to 
identify genomic regions associated with a specific complex phenotype by statistical analysis of the associations between genetic markers and phenotypic variation (Doerge, 2002). Recently, advances in high-throughput analysis and analytical detection methods have facilitated more integrated approaches to measure global phenotypic variation 
at the molecular level. Metabolite profiling is a rapidly evolving technology that has 
significantly increased the possibilities of performing high-throughput analysis of hundreds to thousands of compounds in a range of plants, including complex crop species. Metabolite composition is of great importance in crop plants, as a number of important traits such as biotic and abiotic stress resistance, postharvest processing, and nutritional value are largely dependent on the metabolic content (Fernie and Schauer, 2009).In potato (Solanum tuberosum) breeding, metabolomic studies have progressively 
increased in importance, as many potato tuber traits such as content and quality of 
starch, chipping quality, flesh colour, taste, and glycoalkaloid content have been 
shown to be linked to a wide range of metabolites (Coffin et al., 1987; Dobson et al., 
2008). As a result, tuber quality can be assessed by assaying a range of metabolites. 
Gas chromatography-time of flight-mass spectrometry (GC-TOF-MS) has been shown to be useful for the rapid and highly sensitive detection of a large fraction of plant metabolites covering the central pathways of primary metabolism (Roessner et al., 2000; Lisec et al., 2006). In potato, untargeted metabolomic approaches by GC-MS have been successfully applied to assess changes in metabolites under different conditions (Roessner et al., 2000; Lisec et al., 2006), to evaluate the metabolic response to various 
genetic modifications (Roessner et al., 2001; Szopa et al., 2001; Davies et al., 2005), and to explore the phytochemical diversity among potato cultivars and landraces (Doerge, 
2002; Dobson et al., 2009). Additionally, metabolite profiling has been applied to monitor changes during key stages in the tuber life cycle (Davies, 2007). Untargeted approaches have thus generated a substantial amount of data providing important information concerning compositional metabolite changes upon perturbation and phytochemical diversity in potato. However, so far, these studies have focused on applications of 
metabolite profiling as an evaluation and comparative tool. Technological developments 
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and improved data-processing techniques now also allow the use of metabolite 
profiling to obtain further insight into the genetic factors controlling metabolic traits (Keurentjes, 2009). Exploration of the genetic factors underlying metabolite variation in mapping populations is particularly advantageous. The genetic variation between related individuals in a segregating mapping population can be exploited to locate the genomic regions involved in the regulation of the observed metabolite variation (Keurentjes et al., 2006).
Here, we report on the metabolic profiling of a segregating diploid potato population (C × E). This population is highly heterozygous and has been analysed in a number 
of studies to investigate the genetic architecture of quantitative traits (van-Eck et al., 1994; Werij et al., 2007; Kloosterman et al., 2010; Wolters et al., 2010). For a number 
of traits, candidate genes and their allelic variants have been identified from these 
studies, including tuber flesh colour and cooking type (Kloosterman et al., 2010), tuber shape (van-Eck et al., 1994), carotenoid biosynthesis (Wolters et al., 2010), and Met content (Kloosterman et al., 2010).  In this study, we have used the C × E population to explore the genetic basis of primary metabolites. To this end, untargeted GC-
TOF-MS metabolic profiling was carried out on a core set of individuals of the C × E population. In order to investigate the variation in the detected metabolite levels in individuals of the population, we applied a genetical genomics approach (Jansen and 
Nap, 2001). QTL analysis of metabolite levels resulted in the identification of genomic regions associated with the metabolic variation. In addition, we performed a parallel 
QTL analysis for starch- and cold sweetening-related traits, and genetically inferred links were established between these phenotypic traits and primary metabolites. We further applied multivariate analysis to the combined data sets of starch-related traits 
and metabolic profiles to determine the predictive power of metabolites on a given phenotypic trait. For this, we used a Random Forest (RF; (Breiman, 2001)) approach to 
find significant associations between phenotypic and metabolic traits independent of 
genetic information. Putative predictors were tested and confirmed in an independent collection of potato cultivars.
Our results show the value of combining biochemical profiling with genetic information to identify associations between metabolites and phenotypes. This approach reveals previously unknown links between phenotypic traits and metabolism and thus facilitates the discovery of biomarkers for agronomically important traits.
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Materials and Methods
Plant Material
The C × E PopulationThe diploid population (C × E) consisting of a total of 251 individuals was obtained from a cross between two heterozygous diploid potato clones, USW5337.3 (coded C: 
Solanum phureja × Solanum tuberosum) and 77.2102.37 (coded E: Solanum vernei × S. 
tuberosum). This population has been of special use to study the inheritance and genetic 
mapping of traits related to tuber quality (i.e. tuber shape, tuber size, eye depth, flesh color, among others). The development and characteristics of the population and the parental lines are described in detail (Celis-Gamboa, 2002; Werij, 2011). For starch- and cold sweetening-related traits, the values for the parental lines lie very close to each other centred on these normally distributed traits (data not shown), demonstrating the large amount of transgression present in this population. In addition, the female and male parents show very similar plant maturity phenotypes, with the female C showing a slightly earlier maturity phenotype than the male E.
A subset of 97 genotypes of this population was grown in two subsequent years (2002 and 
2003) during the normal potato growing season (April–September) in Wageningen, The Netherlands. For each genotype, tubers were collected from three plants. Harvested tubers were either used for phenotypic analysis or mechanically peeled and immediately frozen in 
liquid nitrogen before being ground into fine powder and stored at −80°C.Phenotypic analyses for 26 starch- and cold sweetening-related traits were performed for 
both years of harvest (Supplementary Table 5). Metabolite profiling was carried out on the ground material of tubers of the 2003 harvest.
Potato Cultivars
Potato cultivars used for independent confirmation and further statistical analysis were part of the potato collection available at Wageningen University & Research centre Plant Breeding. This collection consists of 221 tetraploid potato cultivars that were provided by Dutch breeding companies and gene banks. Phosphate measurements were carried out for 214 potato cultivars. In accordance with the distribution of the trait values (Supplementary Figure 2), we selected 30 cultivars representing high, medium, and low phosphate contents.
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Determination of Starch Phosphorylation The degree of phosphorylation of starch was determined in a colorimetric assay. A total of 
20 mg of starch was mixed with 250 μL of 70% HClO4 and incubated at 250°C for 25 min. 
Then, 50 μL of 30% hydrogen peroxide (w/v) was added and incubated for another 5 min. 
After cooling, 2 mL of water was added to reach a final concentration of HClO4 of 8.75% (w/v). The colour reagent consisted of 0.75% (w/v) (NH4)6Mo7O240.4H2O, 3% (w/v) FeSO40.7H2O, and 0.75% SDS (w/v) dissolved in 0.375 m H2SO4. A total of 100 μL of the 
sample extract, or a standard solution, was mixed with 200 μL of the colour reagent solution on a microtiter plate and incubated for 10 min at room temperature. The absorbance was measured at 750 nm in a microplate reader using 8.75% HClO4 as a blank. A calibration curve of PO4 dissolved in HClO4 (0–500 μM) was used to determine the phosphate content.
Extraction and Derivatization of Potato Tuber Metabolites for GC-MS AnalysisRelative metabolite content was determined as described (Weckwerth et al., 2004) with 
modifications specific to the potato material. Briefly, polar metabolite fractions were extracted from approximately 100 mg fresh weight of tuber powder. A total of 1.4 mL of a single-phase solvent mixture of methanol:chloroform:water (2.5:1:1) was added to the ground tuber powder in a 2-mL Eppendorf tube. d3-Ala was used as a deuterated internal standard and ribitol was used as a representative internal standard, and they 
were all mixed in one solution. In the water phase, 25 μL of a solution containing the aforementioned internal standard solution was added. After vortexing, the closed tubes were sonicated for 15 min. After 5 min of centrifugation, the supernatant was 
transferred into a new Eppendorf tube and 400 μL of water was added. The mixture was thoroughly mixed by vortexing and centrifuged for 10 min at 21,000 rcf (relative centrifugal force). The methanol/water supernatant (polar phase) was carefully 
transferred into a new Eppendorf tube. Aliquots of the polar phase (100 μL) were dried by vacuum centrifugation for 12 to 16 h. The dried samples were derivatized online as described by (Lisec et al., 2006) using a Combi PAL autosampler (CTC Analytics). First, 
12.5 μL of O-methylhydroxylamine hydrochloride (20 mg mL−1 pyridine) was added to 
the samples and incubated for 30 min at 40°C with agitation. Then, the samples were 
derivatized with 17.5 μL of N-methyl-N-trimethylsilyltrifluoroacetamide for 60 min. An 
alkane mixture (C9–C17 and C20–C34) was added to determine the retention indices of metabolites. The derivatized samples were analysed by a GC-TOF-MS system consisting of an Optic 3 high-performance injector (ATAS) and an Agilent 6890 gas chromatograph 
(Agilent Technologies) coupled to a Pegasus III time-of-flight mass spectrometer (Leco 
Instruments). Two microliters of each sample was introduced to the injector at 70°C 
using a split flow of 19 mL min−1.The injector was rapidly heated with 6°C s−1 to 240°C. 
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The chromatographic separation was performed using a VF-5ms capillary column 
(Varian; 30 m × 0.25 mm × 0.25 μm) including a 10-m guardian column with helium as 
carrier gas at a column flow rate of 1 mL min−1. The temperature was isothermal for 2 
min at 70°C, followed by a 10°C min−1 ramp to 310°C, and was held at this temperature 
for 5 min. The transfer line temperature was set at 270°C. The column effluent was 
ionized by electron impact at 70 eV. Mass spectra were acquired at 20 scans s−1 within 
a mass-to-charge ratio range of 50 to 600 at a source temperature of 200°C. A solvent delay of 295 s was set. The detector voltage was set to 1,400 V.
GC-MS Data-Processing Methods
Data Pre-processingRaw data were processed by ChromaTOF software 2.0 (Leco Instruments) and MassLynx software (Waters), and further analysis was performed using MetAlign software (Lommen, 2009) to extract and align the mass signals (signal-to-noise ratio 
≥ 2). Mass signals that were present in fewer than two samples were discarded. Signal redundancy per metabolite was removed by means of clustering, and mass spectra were reconstructed (Tikunov et al., 2005; Tikunov et al., 2011). This resulted in 139 reconstructed polar metabolites (representative masses).
Compound Identification
The mass spectra of the representative masses were subjected to tentative identification by matching to the NIST08 and Wiley spectral libraries and by comparison with retention 
indices calculated using a series of alkanes and fitted with a second-order polynomial function (Strehmel et al., 2008). Library hits were manually curated, and a series of 
commercial standards were used to check annotation. Compound identification is limited to the availability of spectra in the libraries used. The identities of the detected compounds are listed in Supplementary Table 1.
Data Normalization and Multivariate AnalysisMass intensity values of the representative masses were normalized using isotope-labeled d3-Ala as an internal standard. Relative amounts of the compounds were obtained by normalizing the intensity of individual masses to the response of the internal standard. The ratio between the mass intensity value of the putative compound and the d3-Ala internal standard was then scaled by multiplying the resulting value by the average of the d3-Ala mass intensity across all samples.
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Normalized values were log transformed in GeneMaths XT version 2.12 software (www.applied-maths.com). These data were used for cluster analysis using Pearson’s 
correlation coefficient and Unweighted Pair Group Method with Arithmetic Mean (UPGMA) for hierarchical clustering.
Metabolic and Phenotypic QTL Analyses
Metabolite QTL analyses were performed using the software package MetaNetwork (Keurentjes et al., 2006; Fu et al., 2007). MetaNetwork applies a two-part model, and a P value is determined for each part of the model. In this study, P values and QTL thresholds were determined as described (Keurentjes et al., 2006). Since MetaNetwork is not designed for cross-pollinated species, two separate linkage maps were used in our analysis: one for the female parent C and one for the male parent E. The number 
of markers specific to the C-parent map is 218 and that for the E-parent map is 178, with an average spacing between markers of 6.1 and 3.9 centimorgan, respectively. The 
significance QTL threshold value was estimated by MetaNetwork. Empirical thresholds 
for significant mQTLs were calculated separately for both parental maps: C-parent map, 
−10log(p) = 3.43 (P = 0.00037); E-parent map, −10log(p) = 3.19 (P = 0.00065).Phenotypic measurements containing missing data cannot be analysed by MetaNetwork; 
hence, QTL analyses for phenotypic data were performed using the software package 
MapQTL version 6.0. QTL log of the odds thresholds were calculated per trait using a permutation test (n = 10,000) provided in MapQTL.Broad sense heritability was estimated for starch phosphorylation measurements over the two years (2002 and 2003) according to the formula H2 = VG/(VG + VE + VG×E), where 
VG is the variance among genotypes and VE is the year variation. One phosphate content measurement per year was used in a mixed model to calculate variance components for genotypes, years, and residual (= genotype × year).
Random Forest (RF)RF (Breiman, 2001) was used for regression of the phenotypic trait starch phosphorylation on the GC-TOF-MS signals. RF constructs a predictive model for the response using all 
predictors but quantifies the importance of each, here the metabolites, in explaining the 
variation present in the starch phosphorylation. RF by itself does not provide significance levels of individual metabolites and does not perform a variable selection to choose a possible subset of associated metabolites. Therefore, we included a permutation test 
to indicate the significance of the association of a metabolite with a trait. In each of 
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1,000 permutations of the trait values, we estimated the variance explained by the RF model (R2) and the variable importance of each metabolite in terms of the decrease in node impurities (Breiman, 2001). We ordered node purity values from the permuted data sets and took the 95th percentile from the distribution of impurity values as the 
significance threshold of the individual metabolites. The same procedure was done for 
R2 values of the model: the 95th percentile was taken as a significance threshold for the RF model. RF regression of starch phosphorylation on metabolite values was conducted 
using the “randomForest” package of the R statistical software. R2 in RF is not just a 
measure of goodness of fit of the data at hand but is determined on left-out samples (the 
“out-of-bag” samples), so it should be interpreted as a measure for predictive quality (here considered as prediction R2) of the RF on independent samples that have the same properties as the in-bag samples (Breiman, 2001).
Results 
Metabolite profilingIn order to assess the content and variation of polar primary metabolites present in the 
C × E diploid potato population, untargeted GC-TOF-MS-based metabolite profiling was 
performed. The GC-TOF-MS method was applied to the polar aqueous methanol extracts of dormant tubers of 97 genotypes and the parental clones of the C × E population. After processing of the raw data, 139 representative masses were obtained, consisting 
of reconstituted mass spectra (see “Materials and Methods”). The distribution of trait 
values for the detected compounds across all the genotypes was wide, with coefficients of variation higher than 50% for the majority of metabolites (approximately 52%; 
Figure 1). This large variation can in part be explained by the segregation of genetic factors and therefore is amenable to genetic mapping approaches.
The 139 representative masses were putatively identified by comparing the mass spectra with those of authentic reference standards and mass spectral databases (National Institute of Standards and Technology [NIST08]; Golm metabolome database [http://
gmd.mpimp-golm.mpg.de/]). Supplementary Table 1 lists the derived identification (i.e. putative metabolites). Further inspection of the spectra and retention indices of these fragments allowed a more accurate annotation of 58 of them (Table 1). Using all samples, we performed a hierarchical cluster analysis using Pearson correlations on the processed data for the abundance of the 139 representative masses. Figure 2 shows the 
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degree of correlation among the detected compounds. The majority of the compounds 
were identified as amino acids, organic acids, or carbohydrates (Table 1; Supplementary 
Table 1). The annotation of a number of compounds could not be verified by further inspection of the spectra and retention indices. However, we included these unknown 
compounds in the cluster analysis to investigate the degree of association with identified metabolites. Compounds from the same class, such as amino acids or carbohydrates, 
generally clustered together. The correlation coefficients within the identified amino acids ranged between 0.6 and 0.9 (Figure 2), and two metabolites were considered to 
be highly correlated if the absolute correlation coefficient had a value of 0.6 or greater. Such high correlations have been reported before in potato between amino acids (Roessner et al., 2001; Dobson et al., 2008). It has been suggested that this correlation 
may reflect the mechanism of general amino acid control in plants (Halford et al., 2004). Interestingly, within the amino acid cluster, the branched amino acids isoleucine, leucine, and valine clustered separately from the aromatic amino acids tyrosine, phenylalanine, and tryptophan, as was also reported in earlier metabolomics studies in different potato cultivars (Roessner et al., 2001; Noctor et al., 2002; Dobson et al., 2008). Amino acids that are biosynthetically linked, such as serine, glycine, and threonine, also show a strong correlation (Figure 2). This suggests that much of the variation in amino acid content is genetically controlled by just a few master regulators. However, this was not the case 
for all related amino acids. The Pearson correlation coefficients among γ-aminobutyric acid (GABA), glutamate, and proline were less than 0.2, although they are closely linked biosynthetically as members of the glutamate family. Other amino acids, such as glutamate and asparagine, show weak correlations (less than 0.4) with the major cluster of amino acids. This could suggest that the genetic regulation of these biosynthetic routes occurs independently from that of the main cluster of amino acids. In addition, most of the detected carbohydrates, such as mannose and fructose, also form a cluster (Figure 
2). In contrast, sucrose clusters with a group of organic acids rather than with the other carbohydrates. The clustering of organic acids, however, is less distinct, and this is likely due to the diverse biochemical origins of these compounds.
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Figure 1. Histogram of the distribution of metabolic variation. Data shown are based on the CV% across the C x E population for the 139 representative masses. The distribution shows that the majority of metabolites have a CV higher than 50%, indicating a high level of variability.
Table 1. Metabolites putatively identified from the polar phase of methanol extract from potato 
tubers. List of metabolites that were putatively identified based upon similarity of mass spectra and the retention index published in literature. Compounds that were detected in more than one derivitized form are listed only once.
Compound class Metabolites
Amino acid Alanine, asparagine, glutamine, glycine, aspartic acid, glutamic acid, isoleucine, 
leucine, methionine, phenylalanine, proline, serine, threonine, tryptophan, 
tyrosine, valine, lysine, pyroglutamic acid, β-Alanine, γ-Aminobutyric acid (GABA)
Organic acid 2-Piperidinecarboxylic acid (pipecolic acid), ascorbic acid, butanoic acid, citric acid, 
quinic acid, fumaric acid, glyceric acid, malic acid, phosphoric acid, succinic acid, 
dehydro-L-(+)-ascorbic acid dimer, lactic acid, threonic acid
Sugar 
Sugar alcohol
Amino alcohol
Other
Allose, fructose, galactiric acid, galactinol, mannose, sucrose, glucopyranose
Myo-inositol
Ethanolamine
Calystegine B2, 5-Aminocarboxy-4,6-dihydroxypyrimidine, Allantoin
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Figure 2. Correlation matrix and cluster analysis of detected polar metabolites. Pearson correlation 
between metabolites is indicated by colour intensity. 58 out of the 139 metabolites could be identified based upon spectral libraries and retention indices. Metabolites belonging to the same biochemical class (colour coded) tend to cluster together.
Identification of Metabolic QTLsTo determine if the variation observed in metabolite levels could indeed be explained 
by allelic differences in genetic factors, we performed metabolic quantitative trait locus 
(mQTL) analysis on the metabolic profiles. The software package MetaNetwork was used to map the metabolite variation. MetaNetwork applications (Fu et al., 2007) were designed from data collected from recombinant inbreed lines; hence, in order to adjust the software applications to a cross-pollinated species like potato, we used two separate linkage maps: one for the female parent C and one for the male parent E. Overall, the variation in abundance of approximately 72% of the metabolites could be mapped in at 
least one of the two linkage maps. In total, we found 187 mQTLs for 121 metabolites, of which 58 could be putatively annotated. A complete list and a description of the 
detected mQTLs are given in Supplementary Tables 2 and 3.
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C-parent map: 
Forty-five significant mQTLs were detected in this map for 39 masses representing 
unique metabolites. For 33 metabolites, only one QTL was identified, and a maximum 
of two QTLs were found for six different metabolites (identified as galactiric acid and 
five unknown metabolites [nos. 012, 034, 044, 078, and 081]). The largest number of 
mQTLs on a single chromosome was 11 for chromosome 8, where mQTLs were detected 
for asparagine, tyrosine, and other, unidentified metabolites. The mQTL for tyrosine on chromosome 8 was also detected in a previous study on the same population (Werij et al., 
2007). On chromosome 5, we found eight mQTLs for glutamate, mannose, tryptophan, 
and a number of unknown compounds. On chromosomes 3, 6, and 10, no significant 
mQTLs were detected. Figure 3 shows the QTL profiles of all the metabolites mapped to the C-parent map in a heat map.
E-parent map: 
In this map, 160 significant mQTLs were detected for 85 representative masses (Figure 
3). For 33 masses, only one QTL was detected, and a maximum of six mQTLs was detected 
for one metabolite (identified as quinic acid). The highest number of mQTLs on a single chromosome was 71 on chromosome 5. This chromosome also contributed the most to 
the total explained variation of all detected mQTLs. A single genomic region, spanning 
three adjacent markers, accounted for the highest density of detected mQTLs (34). This region is known to be involved in plant maturity (van Eck and Jacobsen, 1996; Collins et al., 1999; Oberhagemann et al., 1999; Kloosterman et al., 2013) and as such exerts many pleiotropic effects on development-related traits. The majority of compounds mapping 
to this region were classified as amino acids, organic acids, and carbohydrates. This is not unexpected, as rapid changes in primary metabolism are known to occur during the later stages of maturation. Interestingly, similar to observations in the C-parent map, 
some amino acids that are biochemically related shared an mQTL at the plant maturity locus (e.g. Gly and Thr). Other amino acids, like phenylalanine, lysine, valine, and 
methionine, also mapped to the plant maturity region. Some of the identified compounds 
mapping to this region also showed significant mQTLs on other chromosomes, both in 
the C and the E maps. For example, four more mQTLs were detected for L-threonine, on chromosomes 1, 2, and 10 in the E-parent map and chromosome 7 in the C-parent map. 
For methionine, another mQTL was detected on chromosome 2 of the C parent, and for 
valine, one additional mQTL was detected on chromosome 3 of the E parent, indicating complex regulation of these traits.
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indicate the sign of the additive effect and the significance of the mQTL.
Association between phenotypic and metabolic traits Traits of agronomic importance in potato, such as starch and cold sweetening, are expected to be associated with primary metabolites. To investigate this relationship 
in more detail, we carried out a parallel QTL analysis for phenotypic starch- and cold sweetening-related traits determined for this population for two years of harvest: 2002 and 2003 (Supplementary Table 5; J.S. Werij, H.F. van Eck, C.W.B. Bachem, and R.G.F. 
Visser, unpublished data). Having mapped both metabolic and phenotypic QTLs to the two parental maps, we investigated the level of coregulation of these two sets of traits 
by determining colocalizing QTLs. As expected, a substantial number of the phenotypic traits mapped to the plant maturity locus at chromosome 5. However, a number of 
significant QTLs for essential metabolites were also detected outside this region, indicating a possible regulation independent of the developmental stage; therefore, 
these mQTLs are of particular interest.
From a total of 26 phenotypic traits, nine showed QTLs colocalizing with mQTLs outside the plant maturity region on chromosome 5 (Supplementary Table 4). Five phenotypic traits mapped to the C map, of which three mapped to the same position on chromosome 
60
untargeted metabolic quantitative loci (mQTL) analysesChapter 3
61
3
8: specific gravity of starch (also mapping to chromosome 10 in the E-parent map) 
and discoloration of tuber flesh after cooking at 5 and 30 min. This position coincided 
with mQTLs for two unknown compounds (nos. 044 and 081). A fourth trait, starch grain particle size, mapped to a different region of chromosome 8 on the C map that 
colocalized with mQTLs for amino acids, organic acids, and carbohydrates. Chip colour difference between reconditioning and harvest mapped to chromosome 6 on the C-parent map and chromosomes 3 and 9 on the E-parent map, but only the latter two 
regions colocalized with a limited number of mQTLs. Two traits, chip colour after harvest and chip colour difference between storage and harvest, mapped to chromosomes 9 and 3 of the E-parent map. These positions 
coincide with genomic regions where mQTLs for succinic acid, fumaric acid, butanoic acid, and unknown compound 044 were detected. The strongest association, however, was detected between starch phosphorylation and a number of metabolites. Starch phosphorylation maps to positions on chromosomes 2 and 9 of the E-parent map in 
both harvest years 2002 and 2003. The detection of identical QTLs in independent 
experiments suggests a strong and robust genetic control, although a third QTL on chromosome 5 was detected in the 2003 harvest that was only suggestive in 2002. 
This QTL colocalizes with mQTLs for alanine, butanoic acid, β-alanine, GABA, succinic acid, pyro-glutamate, phenylalanine, glutamine, tyrosine, tryptophan, and seven 
unknown compounds (nos. 011, 027, 033, 048, 061, 068, and 069). The QTL for starch 
phosphorylation on chromosome 2 colocalizes with mQTLs for serine, threonine, aspartic acid, GABA, glutamine, and four unknown metabolites (nos. 015, 027, 041, and 
043). The QTL on chromosome 9 colocalizes with a mQTL for galactinol.
Random Forest analysis reveals a link between primary metabolites and starch 
phosphorylationTo further investigate the strength of the colocalizations, we focused on the phenotypic trait starch phosphorylation (i.e. the degree of phosphorylation per milligram of starch). Potato starch is characterized by a relatively high content of phosphate groups compared with, for example, cereal starches (Rooke et al., 1949; Hizukuri et al., 1970). This level 
of phosphate groups influences the viscosity and the chemical properties of starch and therefore is important for the different uses of potato starch for food and industrial applications. Among the evaluated starch-related traits, the measurements for starch 
phosphorylation in 2002 and 2003 showed the highest correlation coefficient (r2 = 0.8; Supplementary Table 6), indicating a general high reproducibility of the expression of 
this trait. The observation that two to three QTLs could be mapped in each year together 
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with a high broad sense heritability (0.5) further indicates that a substantial part of the trait variation can be attributed to genetic factors. In addition, a number of colocalizing 
mQTLs were identified (see above) that suggest links between starch phosphorylation and metabolic processes. To rank the associations between starch phosphorylation and the 139 representative masses, we used a multivariate RF regression approach (Breiman, 2001). The starch phosphorylation measurements of the two years were used separately, as a response variable regressed against the 139 representative masses 
over all population individuals and significantly associated metabolites were recorded.Using starch phosphorylation measurements of the 2002 harvest and all of the detected compounds, the RF model explained 16% of the variance at a permutation threshold 
of α = 0.001. Twelve metabolites were significantly associated with phosphate content at this threshold (Table 2). Univariate correlation analyses between these significant metabolites and starch phosphorylation yielded absolute r2 values ranging between 0.07 and 0.26 (of which two have a negative Pearson correlation value). For the 2003 harvest, the RF model explained 33% of the variance at a permutation threshold 
of α = 0.001. In this case, eight metabolites were found to be significantly associated with starch phosphorylation (Table 2). The correlations ranged from 0.12 to 0.39 (of 
which one has a negative Pearson correlation value). Interestingly, all the significantly 
contributing metabolites from the 2003 model were also identified using the 2002 data, again illustrating the high reproducibility between the two years. From these 
eight compounds, seven showed colocalizing QTLs with at least one of the starch 
phosphorylation QTLs: β-alanine, GABA, L-aspartic acid, alanine, butanoic acid, unknown 027, and unknown 033 (Supplementary Table 4).As a third independent line of investigation, we performed RF regression on a subset of cultivars from a potato collection available in our laboratory (year of harvest 2007). All 214 cultivars of this collection were analysed for starch phosphorylation, and from these, 30 cultivars were selected covering the whole distribution range of this trait (Supplementary Figure 1) These 30 cultivars were analysed for metabolite content with the same analytical procedure used for the C × E population. RF regression was performed using the starch phosphorylation measurements and the metabolites detected in this set of cultivars (data not shown). The resulting RF model explained 30% of the variation 
in starch phosphorylation, and nine compounds were found to contribute significantly 
at a permutation threshold of α = 0.001 (Table 2). The univariate correlations between 
these significant compounds and starch phosphorylation ranged between 0.09 and 0.41 (of which four have a negative Pearson correlation value).
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A comparison of the significant predictive compounds after RF analysis in the two sets of potato material (i.e. C × E [2002 and 2003] and cultivar collection) revealed 
one compound in common, β-alanine. In the C × E population, β-alanine showed a positive correlation with starch phosphorylation in both years. This positive trend was also observed in the selected cultivar set (Supplementary Figure 2). Because a robust metabolic predictor of a phenotypic feature is preferably valid across different potato 
sources, we consider β-alanine as a reliable metabolite significantly linked to the level of phosphorylation of starch in potato tubers.
Table 2. List of associated metabolites ranked after Random Forest and significance permutation tests. Column 1 shows the putative annotation of the representative mass. The second column shows whether a 
co-localizing mQTL with starch phosphorylation was detected. The value in the third column indicates the ranking order after RF analysis. Compounds with two numbers represent the same compound with different TMS groups (derivatization groups). 
Metabolite putative 
identification
Co-localizing Starch phosphorylation 
QTL C x E population
Rank of metabolites
2002 
harvest
2003
 harvest
Potato 
cultivars
β-Alanine (2TMS) yes 1 1 7
γ-Aminobutyric acid 
(2TMS), (3TMS) 
yes 2,10 2
Alanine (2TMS) yes 3 4
Glycine (2TMS) 4
Unknown 027 yes 5 7
Glyceric acid (3TMS) 6
Unknown033 yes 7 6
d3-alanine 8 8
Unknown044 9
Lysine (3TMS), (4TMS) 3,5
L-Aspartic acid  (3TMS) yes 11 3
Butanoic acid (2TMS) yes 12 5
Unknown082 1
Putrescine (4TMS) 2
Unknown083 4
Myo-inositol (6TMS) 6
Glucopyranose (5TMS) 8
Unknown084 9
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Discussion
The use of an untargeted metabolomics approach permits a quantitative assessment of a wide range of metabolites and allows the detection of known and unknown metabolites. Untargeted metabolomics approaches have been successfully applied to experimental plant populations to uncover loci controlling the variation of metabolites (Overy et al., 2005; Keurentjes et al., 2006; Morreel et al., 2006; Schauer et al., 2006; Tieman et al., 2006; Lisec et al., 2008; Rowe et al., 2008).
In this study, we used untargeted GC-TOF-MS metabolite profiling to assess the quantitative variation in polar metabolites present in dormant tubers of a diploid potato population. The observed variation in this population enabled us to locate genomic regions involved in the regulation of a range of polar primary metabolites. Primary metabolites, consisting mainly of carbohydrates, amino acids, and organic acids, have an essential role in plant growth and development. In potato, carbohydrates are important for a number of agronomic traits 
related to tuber quality, such as starch content and cold sweetening. In this study, the same 
genetic material was used to detect QTLs for starch- and cold sweetening-related traits and metabolic traits.
We investigated the associations between phenotypic and metabolic traits through QTL 
colocalization, correlation analysis, and RF analyses. The detection of a QTL identifies the existence of at least one polymorphic locus that is contributing to the variation observed 
for a given trait (Causse et al., 2004). When QTLs for two different traits colocalize, this might indicate the existence of a common regulator that controls the variation of both traits. This is of special value in the search of candidate genes for traits with complex modes of inheritance or for which most of the genetic basis is unknown. However, it cannot be excluded that colocalizing genomic regions contain genes that are closely linked but are 
involved in different biological processes. Due to the limited resolution of QTL mapping and 
a finite number of markers, colocalization of (unrelated) QTLs is inevitable when large data sets are involved (Lisec et al., 2008). Therefore, we performed independent statistical tests 
to confirm true positive associations between metabolites and phenotypes. In addition, we have validated putative metabolic biomarkers in an independent set of potato varieties. Our stringent selection criteria resulted in the determination of a strong relationship between potato starch phosphorylation and primary metabolism. Furthermore, our 
analyses resulted in the identification of β-alanine as an important predictor for the degree of phosphorylation of starch in potato tubers.
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Mapping of metabolic variation in potato tubersMapping populations are very suitable to identify loci controlling the variation of a given trait. In this study, we aimed to explore the variation of metabolic and phenotypic traits present in dormant potato tubers. Our results show that we could assign genomic regions involved in metabolite variation for approximately 72% of the detected metabolites.
The abundances of metabolites that share an mQTL, especially for major loci of qualitative traits, are expected to correlate because they cosegregate in a mapping population. For 
instance, L-leucine and lysine share an mQTL on chromosome 9 and are positively 
correlated. Metabolites sharing an mQTL often belong to the same biochemical pathway. For example, phenylalanine and tyrosine share a common biosynthetic pathway and hence 
are found to be coregulated. Alternatively, colocating QTLs can be the result of closely linked independent regulators (Lisec et al., 2008). In the case of a shared regulator, a direct, or even causal, relationship can be expected between traits, whereas in the latter 
case, the two traits are independently controlled. This distinction should be reflected in correlation analysis with higher values expected for coregulated traits. In contrast, high correlation values between traits can also be expected when environmental factors that affect multiple traits simultaneously are in play. The resulting decrease in signal-to-noise 
ratio would be reflected in low heritabilities and QTL detection power. Therefore, we have applied independent lines of investigation, including genetic, correlation, and RF analyses, to reliably identify biologically meaningful relationships between metabolites and complex phenotypes.
In targeted studies, QTLs were found for some of the metabolites that were also detected in 
our analyses. In a previous study, an mQTL for tyrosine was detected on chromosome 8 in the C-parent map (Werij et al., 2007). This amino acid has been reported to be associated with the level of enzymatic discoloration (Corsini et al., 1992), although other studies have reported otherwise (Mondy and Munshi, 1993). In agreement with the results of Werij et 
al. (2007), we did not find overlapping QTLs for tyrosine and enzymatic discoloration. In 
addition, we confirmed the QTL detected by Werij et al. (2007) and also detected two more 
QTLs for tyrosine at chromosomes 5 and 11 of the E-parent map. This difference is likely 
explained by differences in the analytical techniques used in the two studies. Additionally, 
revisions in the linkage map that was used in our study may have influenced the power of 
detection of QTLs.Another interesting metabolite that was also mapped in previous studies is methionine. The level of this amino acid is important for the nutritional value of potato. Moreover, it is the 
precursor of metabolites important to potato flavour (e.g. methional), and attempts have 
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been made to enhance the methionine content to improve flavour (Di et al., 2003; Dancs 
et al., 2008). In earlier work on the C × E population, two QTLs, on chromosomes 3 and 5, were detected underlying the variation of this amino acid content in tubers (Kloosterman 
et al., 2010). In agreement with that study, we detected QTLs for methionine that mapped 
on chromosomes 3 and 5 of the E-parent map and an additional QTL on chromosome 2 of the C-parent map.
The significant mQTLs detected in both parental maps were unequally distributed over the genome, indicating hot and cold spots for metabolite regulation. A well-known locus 
involved in plant maturity is located on chromosome 5, where a major QTL for this trait has been detected in the C × E population (van Eck and Jacobsen, 1996). Plant maturity has been shown to be closely linked to a number of traits, including resistance and developmental traits (Collins et al., 1999; Oberhagemann et al., 1999; Bormann et al., 
2004), and the underlying genetic factor was recently identified (Kloosterman et al., 2013). Products of primary metabolism, such as carbohydrates and amino acids, are expected to 
influence the degree of plant maturity and vice versa. Therefore, we anticipated that a large number of metabolic traits would show an association with the plant maturity region 
on chromosome 5. Nonetheless, a substantial number of mQTLs for amino acids, organic 
acids, and carbohydrates have not been reported before and were identified outside this 
region. This finding highlights the importance of other genomic regions in the regulation of primary metabolite accumulation despite the pleiotropic effects displayed by the plant maturity region.
In addition, a number of mQTLs mapped to multiple positions, which indicates complex regulation. Among the multiple loci detected for these metabolites, at least one mapped 
to the plant maturity region. This raises the question of whether metabolites are under developmental control or whether development is under metabolic control. In this study many metabolites map to the maturity locus in addition to multiple other loci. Plant maturity, however, maps only to a single locus and this may indicate that the metabolism is at least partly under developmental control or another factor upstream.
Putative predictors of starch phosphorylation
QTL colocalizations can be useful to identify metabolites involved in the regulation of phenotypic traits. This is of special importance for traits for which the genetic basis is unknown, providing a valuable tool to search for candidate genes. However, one should be cautious when making such assumptions, because two different traits that share the same regulatory region are not necessarily involved in the same molecular or biological process. 
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In a specific genomic region, genes might be present that are linked but that have different enzymatic functions. The phenotypic traits evaluated in this study are known to be related to 
carbohydrate metabolism; consequently, metabolites involved in this pathway are likely to be 
linked to these traits. Nevertheless, QTL colocalizations can disclose unknown associations and moreover identify candidate predictors of trait variation (Lisec et al., 2008).
One of the aims of this study was to test to what extent phenotypic and metabolic QTLs colocalize in order to identify metabolites associated with phenotypic features. We focused on starch phosphorylation as a phenotypic case study. Potato starch has a particularly high content of phosphate groups in comparison with other plant species. The degradation of starch is dependent on reversible phosphorylation of the glucans at the surface of the starch 
granule (Zeeman et al., 2010), and although a direct link between the content of phosphate groups and starch degradation has not been found, it has been shown that alterations in the starch-phosphorylating enzymes lead to an excess of starch accumulation in the plant 
(Caspar et al., 1991; Zeeman and Rees, 1999; Yu et al., 2001). In potato, the high phosphate content of starch affects the viscosity and formation of stable starch pastes (Wiesenborn et 
al., 1994; Viksø-Nielsen et al., 2001), which is important for the diversified uses of starch in industry.
Here, we show that a number of amino acid mQTLs colocalize with trait QTLs for starch phosphorylation. To measure the strength of the genetically inferred links between the 
detected metabolic and phenotypic QTL colocalizations, we examined the associations and predictive power of the metabolite data for starch phosphorylation using RF regression analysis. The application of multivariate statistical methods to assess associations between metabolites and phenotypic traits has been successfully applied in a number of studies. An approach using canonical correlation analysis to test the predictive power of metabolic composition for biomass traits in Arabidopsis revealed a number of metabolites related to 
biomass and growth (Meyer et al., 2007). In another study in potato, a partial least-squares analysis was used to discover metabolites that function as predictors for susceptibility to 
black spot bruising and chip quality (Steinfath et al., 2010). The validity of these results was tested in a collection of potato cultivars and in a set of individuals of a segregating population 
where metabolic and phenotypic information obtained from a first environment was used to predict phenotypic properties from the metabolic data obtained from a second environment. Those results demonstrate the application of multivariate data analysis and the value of independent validation to discover a small set of metabolites that can be used as biomarkers for a phenotypic trait of interest.
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We used RF analyses to predict starch phosphorylation from a GC-MS data set. A similar 
approach was used to predict flesh colour and enzymatic discoloration from transcriptomics 
and liquid chromatography-MS data sets (Acharjee et al., 2011). This study resulted in the 
successful identification of associated genes and metabolites, of which some were known to be involved in the regulation of the traits under study. Correspondingly, in our study, the application of RF regression resulted in a list of highly ranked metabolites representing the most important compounds associated with starch phosphorylation. Inspection of the annotation of these included a number of unknown metabolites and, more interestingly, a few 
amino acids for which we also detected mQTLs coinciding with starch phosphorylation QTLs. 
Among these relevant metabolites, β-alanine was of particular interest because it consistently ranked in the top metabolites in the different potato materials used for the analysis.Starch phosphorylation is mainly driven by the action of two glucan-water dikinases (i.e. glucan water dikinase [GWD] and phosphoglucan water dikinase [PWD]). These enzymes are critical 
in the transfer of phosphate groups within amylopectin (Smith et al., 2005; Zeeman et al., 2010). Analysis of Arabidopsis thaliana mutants also showed that GWD is required for phosphorylation (Yu et al., 2001). The sex1 (loss of GWD activity) and pwd (loss of PWD activity) mutants lead to excess- and reduced-starch content phenotypes, respectively. Interestingly, transgenic potato plants with reduced GWD expression also displayed a starch-excess phenotype (Lorberth et 
al., 1998). In our results, the amino acid β-alanine was highly ranked after RF analysis for both sets of potato material (i.e. the C × E segregating population [2002 and 2003] and the set of 
potato cultivars). What is more, an mQTL for β-alanine was detected in the C × E population 
colocalizing with a phenotypic QTL for starch phosphorylation measurements of 2003 and 
a suggestive QTL in 2002.known that GWD follows a dikinase-type reaction catalyzing the 
transfer of the β-phosphate of ATP to either the C6 or C3 position of the glucosyl residue (Ritte et al., 2002). In this type of reaction, the formation of an autophosphorylated intermediate precedes the transfer of the phosphate to the glucosyl residues. The autophosphorylation of this GWD intermediate depends on a conserved His residue that, when replaced by alanine, results in a mutant phenotype without phosphorylating activity (Mikkelsen et al., 2004). Alanine isomers were further suggested as phosphate carriers when reacting with cyclotriphosphate to form orthophosphate derivatives in high-pH conditions (Tsuhako et al., 1985). These studies suggest a role for alanine in phosphorylation reactions, although further 
research is needed to confirm these relationships. β-alanine, as a substrate for pantothenate (vitamin B5) biosynthesis, is the only naturally occurring β-amino acid in plants (Chakauya 
et al., 2006). Little is known about the formation of β-alanine in plants, while in bacteria, 
β-alanine is synthesized from the decarboxylation of L-Aspartic acid in a reaction catalysed 
by aspartate decarboxylase (Chakauya et al., 2006). Interestingly, we observed a shared mQTL 
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for β-alanine and L-Aspartic acid, suggesting common genetic regulation through shared biosynthetic pathways.
After a dormant phase, potatoes develop from a sink to a source organ that will subsequently support the growth and development of the new sprout. Owing to a higher content of phosphate groups, starch may be more easily mobilized and converted into resources for the growing sprout. Vitamin B5 is used in the synthesis of CoA, an acyl carrier protein. CoA is 
required in many central metabolic processes, and it is essential in the conversion of pyruvate to acetyl-CoA to enter the tricarboxylic acid cycle (Chakauya et al., 2006). In addition, CoA is fundamental in the biosynthesis of fatty acids, polyketides, depsipeptides, and peptides 
(Kleinkauf, 2000). β-alanine constitutes an important part in the biosynthesis pathway of vitamin B5, and the presence of this amino acid may be indicative for the formation of many essential metabolites for plant development; furthermore, it may act as an indicator of the 
mobilization of storage resources. In this study, we identified β-alanine associated with starch phosphorylation as well as a number of other metabolites for which it also might be predictive. Our approach has been shown to be instrumental in generating hypotheses about functional relationships between metabolites and phenotypes. In addition, it may help for a gradual understanding of metabolic processes contributing to the observed phenotypic features of interest.
Our data here demonstrate the benefits of the applied methods for a broad untargeted metabolomics approach in potato. In this study, we combined genetic information through 
mQTL and phenotypic QTL analysis and non-genetic information through the regression of 
trait values to predict phenotypic traits from metabolomics analysis. We identified candidate metabolites that can be informative for phenotypic traits of interest.Advances in metabolomics have opened up the way to high-throughput approaches, allowing the analysis of variation of a large number of samples in a reasonable amount of time. In 
addition, advanced statistical methods enable us to explore and monitor different profiling 
techniques in non-model species. A multilevel integrative approach to study organisms as a system of genetic, proteomic, and metabolic events may enable us to achieve a higher level of understanding of the interactions occurring in a biological system of interest. In potato, 
although this field is still in its infancy, some examples have already shown the advantages of such approaches to identify, and hypothesize about, the components in biologically relevant 
pathways (Acharjee et al., 2011). Furthermore, the genome sequence of potato (PGSC, 2011) 
has now revealed genes specific to this highly heterozygous crop, bringing a platform that will ultimately facilitate the elucidation of the genetic basis of complex traits of high importance in 
breeding for tuber quality.
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Supplementary Tables and Figures 
Supplementary Table 1. Polar metabolites detected dormant potato tubers by GC-TOF-MS analysis. 
Metabolites were identified partly following the metabolomics reporting standards (Sumner et al. 2007): 
1. Identified compounds: Based upon similarity of mass spectra and retention time (retention index) of authentic reference standards.  2. Putatively annotated compounds: Based upon similarity of mass spectra with Golm Metabolome Database and NIST spectral database and the retention index published in literature. 
3. Unknown compounds: Unidentified compounds. The table columns represent the following information: m/z: fragment ion chosen by MMSR as representative ion fragment from a cluster; Hit: NIST library matching hit; RI (retention index): retention index was calculated using alkanes retention time values. 
m/z Hit RI Level of identification
84 2-Piperidinecarboxylic acid (1TMS) 1255.6 2
73 2-Piperidinecarboxylic acid (2TMS) 1348.5 2
73 5-Aminocarboxy-4,6-dihydroxypyrimidine 1461.1 2
116 Alanine (2TMS) 1094.7 1
100 Allantoin (4TMS) 1881.5 2
73 Allose methoxyamine  (5TMS) 1878.6 2
100 Asparagine [-H2O] (2TMS) 1493.7 2
73 Butanoic acid (2TMS) 1157.5 2
73 Calystegine B2 B4 (4TMS) 1973.5 2
73 Calystegine B2 methoxyamine (4TMS) 1800.6 2
73 Citric acid (4TMS) 1812.1 1
73 D(-)-Quinic acid (5TMS) 1846.9 2
73 d3-alanine 1093.7 1
176 d5-glycine 1286.2 1
73 Dehydro-L-(+)-ascorbic acid dimer 1844.7 1
73 Ethanolamine (3TMS) 1247.5 2
73 Fructose (5TMS) 1859.1 1
73 Fructose methoxyamine (5TMS) 1869.0 1
73 Fumaric acid (2TMS) 1333.7 1
73 GABA (3TMS) 1516.9 1
73 Galactaric acid (6TMS) 2034.3 2
73 Galactinol (9TMS) 2936.1 2
73 Glucopyranose (5TMS) 1883.3 2
73 Glutamine (3TMS) 1770.0 1
73 Glyceric acid (3TMS) 1308.5 2
73 Glycine (2TMS) 1112.5 2
73 Glycine (3TMS) 1287.0 1
73 L(+)-Ascorbic acid (4TMS) 1943.5 2
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73 Lactic acid  (2TMS) 1057.3 2
73 L-Asparagine (3TMS) 1663.9 2
73 L-Aspartic acid (3TMS) 1504.7 1
73 L-Glutamic acid (3TMS) 1608.3 1
73 L-Isoleucine (2TMS) 1274.1 1
158 L-Leucine(2TMS) 1252.4 1
73 L-Phenylalanine (2TMS) 1619.7 1
73 L-Serine (2TMS) 1241.2 1
73 L-Serine (3TMS) 1339.4 1
73 L-Threonine (2TMS) 1277.1 1
73 L-Threonine (3TMS) 1364.8 1
73 L-Tryptophan (3TMS) 2222.9 1
73 L-Tyrosine (3TMS) 1938.5 1
73 L-Valine (2TMS) 1198.5 1
73 Lysine (3TMS) 1852.9 1
73 Lysine (4TMS) 1917.6 1
73 Malic acid (3TMS) 1471.5 1
73 Mannose (5TMS) 1885.4 1
73 Mannose (5TMS) 1905.9 1
73 Methionine (2TMS) 1507.3 1
73 myo-Inositol (6TMS) 2084.9 1
120 Phenyalanine (1TMS) 1546 2
73 Phosphoric acid (3TMS) 1251.8 2
73 Proline (2TMS) 1280.8 1
73 Pyroglutamic acid (2TMS) 1512 1
147 succinic acid (2TMS) 1297 1
73 Sucrose (8TMS) 2611.8 1
73 Threonic acid (4TMS) 1540.9 2
73 β-Alanine (2TMS) 1177.3 2
102 γ-Aminobutyric acid (2TMS) 1284.7 2
73 Unknown001 1804.7 3
73 Unknown002 1790.3 3
73 Unknown003 1798.9 3
73 Unknown004 3056.2 3
73 Unknown005 995.9 3
221 Unknown006 996.9 3
119 Unknown007 1003.3 3
59 Unknown008 1013.6 3
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75 Unknown009 1022.5 3
152 Unknown010 1043.3 3
75 Unknown011 1086 3
75 Unknown012 1088.4 3
73 Unknown013 1106.2 3
73 Unknown014 1120.3 3
73 Unknown015 1146.4 3
73 Unknown016 1148.7 3
75 Unknown017 1163.8 3
75 Unknown018 1166.7 3
70 Unknown019 1167.4 3
341 Unknown020 1279.8 3
147 Unknown021 1294.3 3
143 Unknown022 1329.1 3
75 Unknown023 1330.4 3
73 Unknown024 1356.4 3
73 Unknown025 1388.4 3
56 Unknown026 1403.5 3
73 Unknown027 1410.6 3
100 Unknown028 1444.1 3
73 Unknown029 1447.4 3
73 Unknown030 1490.5 3
72 Unknown031 1492.5 3
84 Unknown032 1522.7 3
73 Unknown033 1564.6 3
73 Unknown034 1573.2 3
154 Unknown035 1579.1 3
73 Unknown036 1586.7 3
73 Unknown037 1592.6 3
75 Unknown038 1592.7 3
73 Unknown039 1612.5 3
188 Unknown040 1614.3 3
73 Unknown041 1632.1 3
95 Unknown042 1665.4 3
73 Unknown043 1687.5 3
84 Unknown044 1697.9 3
73 Unknown045 1721.3 3
73 Unknown046 1729.5 3
76
untargeted metabolic quantitative loci (mQTL) analysesChapter 3
77
3
73 Unknown047 1737.3 3
73 Unknown048 1741 3
73 Unknown049 1757.4 3
89 Unknown050 1801 2
73 Unknown051 1839.3 3
73 Unknown052 1874 3
73 Unknown053 1877.4 3
73 Unknown054 1892.1 3
73 Unknown055 1895.8 3
73 Unknown056 1902.7 3
73 Unknown057 1952.5 3
73 Unknown058 1969.8 3
150 Unknown059 1973.5 3
73 Unknown060 1985.6 3
73 Unknown061 2019.9 3
75 Unknown062 2051.6 3
73 Unknown063 2099.3 3
73 Unknown064 2129.9 3
75 Unknown065 2250.8 3
73 Unknown066 2301.3 3
73 Unknown067 2308.4 3
73 Unknown068 2329.9 3
73 Unknown069 2358.2 3
73 Unknown070 2362.4 3
73 Unknown071 2373.3 3
73 Unknown072 2435. 3
73 Unknown073 2479.7 3
73 Unknown074 2870.8 3
73 Unknown075 2893.5 3
73 Unknown076 2951.8 3
73 Unknown077 3063.5 3
73 Unknown078 3358.5 3
73 Unknown079 1602.5 3
73 Unknown080 1129.7 4
73 Unknown081 1749.1 3
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Supplementary Table 2. Metanetwork metabolic QTL results of untargeted GC-TOF-MS metabolic profiling. 
C parent linkage map. Significant  QTLs are defined with  a -10log(p) > 3.43 and FDR = 0.05. Only mQTL with explained variance (VarP2) above 13% were considered for further analysis. Trait name: Metabolite 
identification. LG: linkage group (chromosome number). QTleft(cM): The centiMorgan (cM) position of left 
border of the QTL support interval. QTLpeak (cM): the cM position of the QTL peak. QTLright (cM): the cM 
of right border of the QTL support interval.  Logp: the -10log(p) value of a QTL. VarP1: the percentage of 
qualitative variance explained by a QTL. VarP2: the percentage of quantitative variance explained by a QTL.  
Trait name LG Marker QTLleft
(cM)
QTLpeak
(cM)
QTLright
(cM)(1.5)
logp
VarP1
(%)
VarP2
(%)
2-Piperidinecarboxylic acid (1TMS) 12 PotSNP996 0 9.89 23.055 4.6 0 17.7
2-Piperidinecarboxylic acid (2TMS) 12 PotSNP158 0 0.83 23.055 4.2 0 16.1
Alanine(2TMS) 1 POCI_31333 30.795 51.79 72.805 4.3 0 18.2
Allose methoxyamine  (5TMS) 1 PotSNP646 10.765 29.68 59.425 3.5 7.2 4.9
Galactaric acid (6TMS) 2 PotSNP825 76.19 94.39 102.295 6 0 23
Galactaric acid (6TMS) 7 PotSNP1088 23.665 38.96 42.965 6.4 0 24.4
Galactinol (9TMS) 4 POCI_37858 43.375 46.29 52.025 3.8 0 16.2
Glucopyranose (5TMS) 8 POCI_12725 64.48 73.47 81.32 3.6 0.3 20.1
L(+)-Ascorbic acid (4TMS) 12 POCI_23909 5.79 38.69 58.14 3.6 0 14
L-Asparagine (3TMS) 8 POCI_12725 49.45 73.47 77.11 3.7 0 13.8
L-Glutamic acid (3TMS) 5 POCI_29729 72.78 86.84 99.995 6.4 0 24.4
L-Threonine (3TMS) 7 POCI_43260 5.04 9.97 38.16 3.9 0 16.3
L-Tryptophan (3TMS) 5 POCI_29729 81.145 86.84 116.84 4.4 15.9 13.7
L-Tyrosine (3TMS) 8 POCI_12725 64.48 73.47 84.57 3.8 0 14.3
Mannose (5TMS) 5 Sti032 99.995 106.58 116.84 3.5 0 14.1
Methionine(2TMS) 2 Sti053 102.295 131.76 138.085 3.8 8 6.7
Unknown012 5 PotSNP621 60.92 70.96 99.995 3.8 7.1 7
Unknown012 11 POCI_17749 0 13.42 32.045 3.5 3.4 14
Unknown019 1 PotSNP480 108.15 125.75 133.795 5.3 15.7 7.2
Unknown025 2 PotSNP838 0 14.31 30.27 4.5 9.7 13.5
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Unknown028 5 POCI_29729 77.4 86.84 116.84 3.8 15.9 11.2
Unknown030 2 SSSII-HinIII350 0 16.31 30.27 4.1 3.2 14
Unknown031 4 E39/M60-19c4 62.17 71.43 80.415 3.7 0 14.1
Unknown034 8 PotSNP104 81.32 84.57 84.57 4.6 0 17.6
Unknown034 8 POCI_12725 56.83 73.47 77.11 5.2 0 19.9
Unknown036 8 PotSNP1122 56.83 72.79 77.11 4.6 0 17.5
Unknown039 5 POCI_29729 77.4 86.84 99.995 3.6 0 13.8
Unknown041 9 PotSNP872 78.445 87.39 87.39 3.5 0 13.1
Unknown042 8 POCI_12725 56.83 73.47 77.11 4.5 14.1 0
Unknown044 5 STM5148 19.18 65.32 90.125 3.7 1.5 16.5
Unknown044 8 PotSNP155 49.45 58.37 71.69 3.8 3.3 13.3
Unknown045 4 POCI_37858 32.83 46.29 78.185 4.2 0 17.8
Unknown048 4 E32M61-13c4 62.17 72.84 96.75 4 0 15.6
Unknown053 12 PotSNP158 0 0.83 23.055 3.9 7.4 32.2
Unknown055 4 E32M61-13c4 50.54 72.84 78.185 6 29 5.4
Unknown064 4 POCI_37858 43.375 46.29 48.115 4.4 0 18.6
Unknown067 1 POCI_31333 41.85 51.79 59.425 3.6 0 15.2
Unknown068 1 POCI_31333 22.225 51.79 72.805 3.8 0 15.8
Unknown071 1 POCI_31333 41.85 51.79 59.425 3.8 0 16.3
Unknown074 4 POCI_37858 37.07 46.29 62.17 3.4 0 14.4
Unknown077 1 POCI_31333 41.85 51.79 72.805 3.9 0 16.7
Unknown078 5 Sti032 81.145 106.58 116.84 3.9 1.7 22.1
Unknown078 8 PotSNP821 64.48 76.21 84.57 3.8 2.5 18.2
Unknown081 8 StI027 49.45 55.29 56.83 5.7 3.4 21
Unknown081 8 PotSNP1122 64.48 72.79 74.84 7.2 15.2 23.8
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Supplementary Table 3. Metanetwork metabolic QTL results of untargeted GC-TOF-MS metabolic profiling. 
E parent linkage map. Significant  QTLs are defined with  a -10log(p) > 3.19 and FDR = 0.05. Only mQTL with explained variance (VarP2) above 13% were considered for further analysis. Trait name: Metabolite 
identification. LG: linkage group (chromosome number). QTleft(cM): The centiMorgan (cM) position of left 
border of the QTL support interval. QTLpeak (cM): the cM position of the QTL peak. QTLright (cM): the cM 
of right border of the QTL support interval.  Logp: the -10log(p) value of a QTL. VarP1: the percentage of 
qualitative variance explained by a QTL. VarP2: the percentage of quantitative variance explained by a QTL. 
Trait Name LG Marker QTLleft(cm)
QTLpeak
(cm)
QTLright
(cm)(1.5) logp
VarP1
(%)
VarP2
(%)
Alanine(2TMS) 5 Starch_R1 13.589 35.191 64.2615 3.5 0 13
Alanine(2TMS) 10 PotSNP76 11.191 25.946 30.9865 3.4 0 13
Allantoin (4TMS) 2 PotSNP56 0 36.136 42.059 3.8 0 14.6
Allantoin (4TMS) 5 Mando 44.4255 52.018 74.533 5.9 0 22.8
Allose methoxyamine  (5TMS) 5 E39/M60-27e5 13.589 25.783 36.5125 4.7 15.3 0
Allose methoxyamine  (5TMS) 5 Sti032 44.4255 51.017 64.2615 7 18.9 8.4
Butanoic acid (2TMS) 5 PotSNP90 27.536 28.455 36.5125 4.3 0 16.5
Butanoic acid (2TMS) 9 PotSNP153 73.354 76.054 94.563 3.5 0 13.2
Calystegine B2 B4 (4TMS) 3 PotSNP985 4.948 16.385 18.8005 3.3 7.7 3
Calystegine B2 B4 (4TMS) 5 StPho1b 51.5175 74.533 74.533 5 11.6 8.7
Calystegine B2 B4 (4TMS) 7 STM3009-G 0 0 23.5975 3.5 10.1 2.7
Calystegine B2 methoxyamine 
(4TMS) 5 StPho1b 44.4255 74.533 74.533 3.3 7.8 5.3
Calystegine B2 methoxyamine 
(4TMS) 9 PotSNP80 24.4125 55.266 73.354 3.6 8.3 6.4
Citric acid(4TMS) 5 Mando 44.4255 52.018 64.2615 4.5 0 17.3
D(-)-Quinic acid (5TMS) 2 PotSNP910 2.233 8.668 11.7485 4.2 16.2 11.5
D(-)-Quinic acid (5TMS) 2 PotSNP956 32.1305 51.088 67.062 4.3 17.3 11.1
D(-)-Quinic acid (5TMS) 11 E32M51-17e11 9.408 10.291 12.6875 8.3 53.3 6.1
D(-)-Quinic acid (5TMS) 11 E39/M60-41e11 2.6815 5.363 6.205 6.5 47.1 3.8
D(-)-Quinic acid (5TMS) 11 PotSNP656 16.3355 22.516 29.88 4.5 16.9 9
D(-)-Quinic acid (5TMS) 12 PotSNP535 3.3925 16.109 37.217 3.8 12.9 10.8
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d5-glycine 3 PotSNP154 10.364 11.829 14.736 5.6 0 21.7
d5-glycine 5 Mando 44.4255 52.018 64.2615 4 0 15.3
Dehydro-L-(+)-ascorbic acid dimer 5 Sti032 44.4255 51.017 74.533 4.2 2.5 20.3
Fumaric acid(2TMS) 1 PotSNP951 20.74 47.203 60.965 3.6 0 13.7
Fumaric acid(2TMS) 3 Sti013-B 0 8.899 12.458 6.9 0 26.7
GABA(3TMS) 1 PotSNP392 34.4245 35.127 41.165 4.2 0 15.9
GABA(3TMS) 2 PotSNP65 47.868 56.218 78.9035 4 0 15.1
GABA(3TMS) 5 PotSNP57 13.589 18.826 22.3045 12.9 0 45.2
GABA(3TMS) 5 STM5148 27.536 31.127 36.5125 13.5 0 46.6
Galactaric acid (6TMS) 2 PotSNP441 0 14.829 27.551 3.9 0 14.8
Galactaric acid (6TMS) 9 StTLRP 81.671 94.563 94.563 3.3 0 15.1
Galactinol (9TMS) 5 Mando 44.4255 52.018 64.2615 5.7 0 22
Galactinol (9TMS) 9 E39/M60-36e9 18.1505 48.677 60.338 3.5 0 13.1
Glucopyranose (5TMS) 2 PotSNP18 2.233 32.447 67.062 3.7 1.3 17.9
Glucopyranose (5TMS) 5 Sti032 29.791 51.017 51.5175 4.9 1.4 26.5
Glutamine(3TMS) 2 PotSNP668 54.2815 58.752 67.062 4 0 15.1
Glutamine(3TMS) 4 E39/M60-39e4 1.1715 25.135 29.9395 3.6 0 13.4
Glutamine(3TMS) 5 Starch_R1 27.536 35.191 36.5125 4 0 15
Glyceric acid (3TMS) 5 Mando 44.4255 52.018 64.2615 3.7 0 14
Glycine (2TMS) 2 PotSNP668 47.868 58.752 78.9035 3.2 22.2 3.8
Glycine (2TMS) 4 E39/M60-39e4 9.4835 25.135 29.9395 3.2 5.9 9
Glycine (2TMS) 4 E39/M60-42e4 43.2125 68.57 81.418 3.7 3.9 12.4
Glycine (2TMS) 5 PotSNP1145 7.427 34.12 64.2615 4 16.8 9.7
Glycine (3TMS) 5 Mando 44.4255 52.018 64.2615 4.9 0 18.8
L(+)-Ascorbic acid (4TMS) 5 Mando 44.4255 52.018 64.2615 4.8 0 18.6
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L-Aspartic acid (3TMS) 2 PotSNP18 15.688 32.447 42.059 3.9 0 15
L-Aspartic acid (3TMS) 2 PotSNP668 47.868 58.752 67.062 4.7 0 18.1
L-Leucine(2TMS) 2 PotSNP893 2.233 34.966 51.7165 3.4 0 12.7
L-Leucine(2TMS) 9 StTLRP 81.671 94.563 94.563 3.3 0 15.1
L-Phenylalanine (2TMS) 5 PotSNP1145 7.427 34.12 64.2615 4.4 0 17
L-Serine (3TMS) 2 PotSNP668 47.868 58.752 67.062 3.4 0 12.8
L-Serine (3TMS) 10 STM0051 11.191 15.248 21.4735 4 0 15.4
L-Threonine (2TMS) 5 PBSQ 44.4255 53.99 64.2615 4.2 13.4 14.2
L-Threonine (2TMS) 9 PotSNP1118 5.6285 11.257 18.1505 4.4 13 15.1
L-Threonine (2TMS) 11 STM0037 0 0 2.6815 3.9 50.6 0.7
L-Threonine (3TMS) 1 PotSNP873 22.8865 31.915 74.727 3.3 0 12.3
L-Threonine (3TMS) 2 PotSNP668 51.7165 58.752 67.062 3.7 0 14
L-Threonine (3TMS) 5 Mando 44.4255 52.018 64.2615 5.3 0 20.5
L-Threonine (3TMS) 10 PotSNP816 11.191 29.58 30.9865 3.9 0 14.7
L-Tryptophan (3TMS) 2 PotSNP65 37.803 56.218 67.062 3.4 12.8 9.9
L-Tryptophan (3TMS) 5 PotSNP1145 3.251 34.12 44.4255 4.4 13.2 14.2
L-Tryptophan (3TMS) 9 PotSNP153 73.354 76.054 94.563 3.4 0.7 12.4
L-Tyrosine (3TMS) 5 PotSNP1145 32.6235 34.12 34.6555 4.8 0 18.5
L-Tyrosine (3TMS) 11 PotSNP452 24.759 26.341 29.88 3.8 0 14.5
L-Valine (2TMS) 3 PotSNP154 4.948 11.829 21.216 4.6 0 17.6
L-Valine (2TMS) 5 PBSQ 27.536 53.99 64.2615 3.8 0 14.3
Lysine (3TMS) 5 Mando 13.589 52.018 64.2615 4.1 0 15.8
Lysine (3TMS) 9 StTLRP 73.354 94.563 94.563 3.5 0 15.9
Lysine(4TMS) 5 Mando 44.4255 52.018 64.2615 6.1 0 23.7
Methionine(2TMS) 3 StPho1a-MspI540 4.948 13.087 18.8005 5.2 8.5 14.7
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Methionine(2TMS) 5 PBSQ 44.4255 53.99 74.533 3.3 6.6 5.2
myo-Inositol (6TMS) 6 STM1100 3.1455 20.769 20.769 3.8 0 16.9
myo-Inositol (6TMS) 9 InvGF 18.1505 25.897 36.037 3.3 0 12.8
Phenyalanine (1TMS) 5 Mando 44.4255 52.018 64.2615 4.4 0 17.2
Proline(2TMS) 5 E39/M60-10e5 3.251 26.357 64.2615 3.4 0 13.3
Pyroglutamic acid (2TMS) 5 Starch_R1 27.536 35.191 36.5125 4.4 0 16.8
succinic acid(2TMS) 5 Starch_R1 27.536 35.191 53.004 3.6 0 13.6
succinic acid(2TMS) 9 PotSNP153 60.338 76.054 81.671 4.3 0 16.4
Sucrose (8TMS) 5 Sti032 29.791 51.017 64.2615 3.3 0 12.8
Unknown001 11 STM0037 0 0 2.6815 4 50.6 0.9
Unknown003 9 STM3012 18.1505 27.323 36.037 3.7 4.7 17.1
Unknown004 5 E32M51-2e5 0 26.617 32.6235 3.7 0 14.4
Unknown004 5 Mando 44.4255 52.018 64.2615 7.3 0 27.9
Unknown010 5 Mando 44.4255 52.018 64.2615 5.9 0 23
Unknown011 5 PotSNP1145 7.427 34.12 64.2615 3.5 0 13.3
Unknown011 9 PotSNP1118 5.6285 11.257 36.037 3.2 0 12.1
Unknown015 2 PotSNP668 2.233 58.752 82.435 3.7 0.3 14.8
Unknown015 9 Sti002 0 22.928 45.109 3.2 1 12.3
Unknown016 5 E39/M60-27e5 22.3045 25.783 27.536 3.5 0 13.8
Unknown018 9 PotSNP1118 5.6285 11.257 36.037 3.7 9 9.2
Unknown019 1 PotSNP481 22.8865 33.722 74.727 3.2 2.5 10.4
Unknown019 5 E39/M60-10e5 13.589 26.357 36.5125 5.8 3.9 22.1
Unknown026 3 StPho1a-MspI540 8.0565 13.087 21.216 4.1 0 15.5
Unknown026 5 PBSQ 44.4255 53.99 64.2615 4.6 0 17.5
Unknown027 2 PotSNP65 47.868 56.218 67.062 4.4 0 16.9
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Unknown027 5 PotSNP90 7.427 28.455 34.6555 5.4 0 20.6
Unknown028 2 PotSNP986 11.7485 23.267 42.059 3.3 16.9 8.8
Unknown032 3 Sti013-B 4.948 8.899 18.8005 3.5 0 13.5
Unknown033 5 Starch_R1 29.791 35.191 51.5175 4.7 0 17.9
Unknown035 4 E39/M60-39e4 0 25.135 29.9395 3.2 5.5 6.4
Unknown035 5 Starch_R1 27.536 35.191 36.5125 3.4 4.9 9.2
Unknown040 6 PotSNP34 7.6645 10.037 15.435 4.3 18.2 27.5
Unknown041 1 PotSNP563 5.034 27.017 60.965 4 0 15.3
Unknown041 2 PotSNP65 47.868 56.218 67.062 5.6 0 21.6
Unknown041 12 PotSNP535 14.9515 16.109 19.881 9.1 0 33.7
Unknown041 12 PotSNP903 27.4215 30.106 32.246 6.7 0 25.8
Unknown043 2 PotSNP668 54.2815 58.752 67.062 4.2 0 16.2
Unknown043 4 E39/M60-39e4 5.32 25.135 29.9395 4.1 0 15.8
Unknown044 3 PotSNP123 0 0 8.6315 3.7 0.8 17.9
Unknown044 5 E39/M60-27e5 3.251 25.783 64.2615 3.4 7.5 4.4
Unknown045 9 STM3012 5.6285 27.323 36.037 4.5 0 17.9
Unknown047 5 STM5148 22.3045 31.127 36.5125 3.4 15.1 8.7
Unknown047 9 StTLRP 73.354 94.563 94.563 4.7 19.3 17.1
Unknown048 5 E32M51-2e5 3.251 26.617 32.6235 4.6 0 18.3
Unknown048 5 Mando 44.4255 52.018 64.2615 8 0 30.4
Unknown049 5 Mando 44.4255 52.018 64.2615 11.2 0 40.6
Unknown050 5 E32M51-2e5 0 26.617 36.5125 3.4 5.2 9.2
Unknown050 5 Sti032 44.4255 51.017 64.2615 5.2 8.9 15.1
Unknown050 9 STM3012 5.6285 27.323 36.037 3.5 12.6 3.9
Unknown051 10 PotSNP27 8.8735 17.525 27.4505 3.7 2 17.9
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Unknown051 11 E39/M60-38e11 9.408 10.251 16.3355 4.5 12.7 8.6
Unknown052 3 PotSNP154 4.948 11.829 18.8005 5.1 0 19.5
Unknown053 5 PotSNP1145 3.251 34.12 53.004 3.2 14 0.4
Unknown053 12 PotSNP535 0 16.109 35.3945 4.3 6.8 40.6
Unknown054 1 PotSNP951 34.4245 47.203 60.965 3.5 0 13
Unknown054 3 PotSNP154 8.0565 11.829 18.8005 4.1 0 15.5
Unknown054 5 Mando 44.4255 52.018 64.2615 5.5 0 21.4
Unknown054 11 PotSNP452 20.274 26.341 29.88 3.6 0 13.7
Unknown055 5 E32M51-2e5 3.251 26.617 36.5125 3.9 14 3.8
Unknown055 5 StPho1b 44.4255 74.533 74.533 5.7 32.5 1.6
Unknown055 9 STM3012 24.4125 27.323 36.037 3.3 5.6 7.5
Unknown056 3 PotSNP75 0 7.749 12.458 3.8 9.4 3.3
Unknown056 5 E39/M60-27e5 22.3045 25.783 27.536 3.6 1 15.8
Unknown057 9 PotSNP16 36.037 66.749 94.563 3.6 19.6 9.2
Unknown057 11 Sti028 9.408 14.136 16.3355 4.1 38.4 4.4
Unknown059 9 PotSNP80 36.037 55.266 73.354 3.9 8 16.9
Unknown061 5 Starch_R1 27.536 35.191 44.4255 3.4 0 12.8
Unknown063 5 Mando 44.4255 52.018 64.2615 6.4 0 24.7
Unknown064 5 Mando 44.4255 52.018 74.533 5.3 0 20.7
Unknown068 5 Starch_R1 29.791 35.191 36.5125 10.8 0 39.1
Unknown068 5 Sti032 44.4255 51.017 64.2615 12.5 0 45
Unknown069 5 Mando 44.4255 52.018 64.2615 13.1 0 45.9
Unknown069 5 Starch_R1 29.791 35.191 36.5125 8.4 0 31.5
Unknown070 5 Mando 44.4255 52.018 64.2615 12.2 0 43.6
Unknown072 5 Mando 44.4255 52.018 64.2615 10.4 0 38.1
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Unknown073 9 InvGF 12.315 25.897 36.037 3.5 0 13.5
Unknown074 5 Mando 44.4255 52.018 64.2615 5.5 0 21.2
Unknown074 9 STM3012 18.1505 27.323 60.338 3.3 0 12.9
Unknown075 5 Mando 44.4255 52.018 64.2615 8.3 0 31.4
Unknown076 5 Mando 44.4255 52.018 64.2615 8.3 0 31.3
Unknown078 5 E39/M60-27e5 3.251 25.783 36.5125 4.4 2.5 22.3
Unknown078 9 E39/M60-36e9 24.4125 48.677 60.338 4.9 9.5 10.4
Unknown078 9 PotSNP1118 5.6285 11.257 18.1505 5.2 15.2 1.1
Unknown081 11 PotSNP580 20.274 29.88 29.88 3.6 2.8 12.1
Unknown081 12 E39/M60-9e12 14.9515 23.653 32.246 8.2 19.8 27.8
β-Alanine (2TMS) 2 PotSNP65 32.1305 56.218 67.062 3.3 7.8 3.6
β-Alanine (2TMS) 5 STM5148 7.427 31.127 36.5125 8.9 21.6 18.9
β-Alanine (2TMS) 9 PotSNP823 73.354 87.288 94.563 3.6 2.9 12.4
γ-Aminobutyric acid (2TMS) 5 PotSNP1145 26.07 34.12 44.4255 9.7 0 35.8
γ-Aminobutyric acid (2TMS) 5 PotSNP57 13.589 18.826 22.3045 10.7 0 38.9
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Supplementary Table 5. List of starch (highlighted in grey)  and cold sweetening related traits measured for 97 genotypes of the C x E population. 
Nr Trait Name Short description Extended description
1 %Amylose %amylose Amylose fraction of starch, in percentage
2 GemDS_% percentage drymatter starch weight after drying/ total starch weight before drying
3 DSC_T_onset Differential Scanning Calorimetry
Starch gelatinization properties. Temperature onset 
gelatinization
4 DSC_T_end Differential Scanning Calorimetry
Starch gelatinization properties. Temperature end of  
gelatinization
5 DSC_Tdiff Differential Scanning Calorimetry Starch gelatinization properties.
6 DSC_T_peak Differential Scanning Calorimetry
Starch gelatinization properties. Temp peak of  
gelatinization
7 DSCdH Starch gelling deltaH Temperature gelatinization deltaH
8 PSD_d90_d10 Particle_size_distribution d90-d10
Starch grain particle size distribution: difference between 
90 percentile point and 10 percentile point (indicates 
distribution range)
9 PSD_d50 particle_size_distribution midpoint
median of the particle size distribution of starch particles 
obtained from tubers
10
Starch_grT Starch weight (g) / Tuber 
weight (g) Content of starch  in grams per gram of tuber weight
11 Starch 
phosphorylation
nmol PO4/mg starch
(C microtiter plate* 20)/ (weight * dw % /100) where C = 
oC, weight = amount of starch (mg) dw% = % of dry weight 
of starch.
12 decol5min discoloration of flesh at 5 min
Enzymatic discoloration of raw flesh, after 5 minutes: 0= 
no change in flesh colour until 6=very dark red/brown 
colour
13 decol30min discoloration of flesh at 30 min
Enzymatic discoloration of raw flesh, after 30 minutes: 
0= no change in flesh colour until 6=very dark red/brown 
colour
14 decol3h discoloration flesh at 3h Enzymatic discoloration raw flesh after 3h From 0= no 
change in flesh colour until 8= black flesh colour
15 decol_dif difference in discoloration Difference in enzymatic discoloration between 3 hours and 5 minutes
16 decolcook5m discoloration after cooking-5min
discoloration after cooking, after 5 minutes: 1= no change 
in colour; 2= some light grey spots; 3= some darker 
grey spots; 4= light grey colour evenly distributed on 
the tuber; 5= dark grey colour evenly distributed on the 
tuber; 6=very dark grey/black colour evenly distributed 
on the tuber
17 decolcook30min discoloration after cooking-30min
discoloration after cooking, after 30 minutes: 1= no 
change in colour; 2= some light grey spots; 3= some 
darker grey spots; 4= light grey colour evenly distributed 
on the tuber; 5= dark grey colour evenly distributed 
on the tuber; 6=very dark grey/black colour evenly 
distributed on the tuber
18 decolcook24h discoloration after cooking-24h
discoloration after cooking after 24 hours: 1= no change 
in colour; 2= some light grey spots; 3= some darker grey 
spots; 4= light grey evenly distributed on the tuber;5= 
dark grey colour evenly distributed on the tuber; 6=very 
dark grey/black colour evenly
90
untargeted metabolic quantitative loci (mQTL) analysesChapter 3
91
3
19 decolcook_diff difference in discoloration 
after cooking
Difference in discoloration after cooking between 24 and 
5 minutes values
20 Spec_grav_starch
underwater weight 
derived dry matter 
content
Specific gravity: (5000xdry weight)*underwater weight. 
For chips, between 400-450; for French fries, between 
450 and 500 and for starch industry >500
21 cc_ah chip colour after harvest
Chip colour after harvesting: 1= very dark brown to 10= 
very nice light golden colour. From 7 colour acceptable by 
industry
22 cc_4c chip colour after storage Chip colour after tubers were stored for 3 months at 4 
oC. 
1= very dark brown to 10= very nice light golden colour
23 cc_4c_rec chip colour after storage 
and reconditioning
Chip colour after cold storage at 4 oC during 3 months and 
then reconditioning for 3 weeks at room temperature 
(18-20C). 1= very dark brown to 10= very nice light golden 
colour
24 ccdif_4c_ah chip colour difference 
storage-harvest
Difference in chip colour between cold storage and 
harvest.
25 ccdif_rec_4c chip colour difference 
recondition-storage
Difference in chip colour between reconditioning and 
storage at 4 oC.
26 ccdif_rec_ah chip colour difference 
recondition-harvest
Difference in chip colour between reconditioning and 
harvest.
Supplementary Table 6. Correlation values between starch related traits in two years of harvest. Description of these traits is given in Supplementary Table 5. 
Trait Name Pearson correlation coefficient
%Amylose (2002, 2003) 0.1615
GemDS(%) (2002, 2003) 0.0002
DSC_T_onset (2002, 2003) 0.6209
DSC_T_end (2002, 2003) 0.528
DSC_Tdiff (2002, 2003) 0.2478
DSC_T_peak (2002, 2003) 0.5599
DSCdH (2002, 2003) (-)0.2222
PSD_d90-d10 (2002, 2003) 0.5907
PSD_d50 (2002, 2003) 0.2347
Starch_grT (2002, 2003) 0.1066
Starch_Phos (2002, 2003) 0.7958
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Supplementary Figure 1. Frequency distribution of phosphate content measurement for 214 potato cultivars of the potato collection.
Supplementary Figure 2. Plots of levels of beta alanine in relation to phosphate content. The relative abundances of beta-alanine and the phosphate content values are log transformed in the plots. 
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AbstractThe accurate analysis of free amino acid content in plants is important in studies on the nutritional composition of crop species. In addition, amino acids are directly or indirectly involved in the regulation of plant response to different biotic and abiotic stresses. Many of the biochemical pathways for plant amino acid metabolism are known and, at least in model species, most of the genes encoding the biosynthetic enzymes 
have been identified. How the accumulation of amino acids is regulated is much less well understood and for this, genetic analyses can be instrumental. In potato, the nutritional value of the tuber is often limited by the low content of essential amino acids such as lysine, tyrosine, methionine and cysteine and efforts have been made to 
try to improve the content of these amino acids for better tuber quality. Better insight into the genetic determinants underlying the variation in amino acid accumulation in potato could support these efforts. In this study, we used a diploid potato mapping population to explore the genetic basis of amino acid content. We previously reported on a non-targeted approach to metabolically phenotype the tubers of this population 
and subsequent QTL analysis revealed genomic regions responsible for the allelic variation in organic acids, sugars, sugar alcohols and amino acids. Here, we compare the genetic analysis of amino acid content by exploring two additional targeted approaches, 
allowing the evaluation of amino acid quantification and the number and strength of 
detected QTLs. Assessment of the three methodologies revealed, a comparable detection 
of amino acids using non-targeted and targeted approaches. In addition, QTL detection across the analytical platforms was similar, although slight differences in strength and explained variance were observed between the analytical platforms. We further provide likely candidate genes for the genetic regulation of amino acid accumulation in potato 
by identifying amino acid biosynthesis genes underlying the detected QTLs. Our results are discussed in the context of the detection of amino acid variation and its implications 
on the identification of QTLs.
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Introduction Research on the biosynthesis of amino acids has always been of particular importance as they constitute the building blocks of essential proteins. Furthermore, amino acid analysis in biological samples has been instrumental in the study of the composition of proteins, foods and feedstuff. In plant material, especially in crop species, analysis of amino acid content has been applied to provide estimates of the nutritional composition and taste of the crop (Tyler et al., 2000). In addition, amino acids play an important role as precursors for a wide range of metabolites that are essential for plant growth, and in response to various stresses. A number of hormones, secondary metabolites and cell wall components are derived from products of the synthesis of different amino acids (Radwanski and Last, 1995; Wittstock and Halkier, 2002; Pichersky et al., 2006; Korkina, 2007). Aromatic amino acids, (such as tryptophan and phenylalanine), for example, are the building blocks of a group of glucosinolates. Methionine is a precursor for glucosinolates and it participates in the biosynthesis of the plant hormone ethylene, polyamines, vitamin B1, S-methylmethionine and S-adenosylmethionine (Amir et al., 2002; Rébeillé et al., 2006; Goyer et al., 2007). Tryptophan is a precursor for the biosynthesis of auxin, phytoalexins, alkaloids and other indolic compounds (Radwanski and Last, 1995). Branched amino acids (i.e. valine, leucine and isoleucine) are involved in the production of cellular energy (Mooney et al., 2002); proline is involved in stress 
tolerance (Delauney and Verma, 1993) and γ-aminobutyric acid (GABA) has been shown to be involved in the general plant response to stress (Kinnersley and Turano, 2000).In the commercial production of potato, amino acid content in the tuber is particularly important because it contributes to the Maillard browning reaction, responsible for the characteristic fry colour of processed potato products (Serpen and Gökmen, 2009). Furthermore, methionine is the precursor of methional, which is a primary determinant 
of flavour in baked potatoes (Di et al., 2003). Amino acid analysis has been an essential part of analytical biochemistry and for about 60 years different methodologies for extraction, derivatization and chromatographic separation have been developed. For an extended overview of these methodologies the reader is referred to recent literature by Lehotay (2001) and Alterman (2012). Today, the range of methodologies is diverse and the majority of them employ mass spectrometry as a detection method (Alterman, 2012). One aspect that has become relevant in the past decade is the integration of these methods in the context of Metabolomics, i.e. the simultaneous detection of large numbers of metabolites in a single sample. The advancements made in mass spectrometry and data processing have permitted the 
96
a combination of metabolomics and qtl mappingChapter 4
97
4
4
analysis of a wide range of compounds in a single run for a large number of samples. These multi-parallel or non-targeted approaches represent a compromise in the 
method development and generally results in reduced accuracy for specific metabolites, while providing a wider range of detected compounds (Fiehn, 2006). Nonetheless, the application of these approaches to mapping populations in Arabidopsis and a number of crop species have provided reliable information about variation in metabolite content 
in genotypically segregating individuals allowing the identification of genomic regions explaining the observed variation (Keurentjes et al., 2006; Schauer et al., 2006; Carreno-
Quintero et al., 2013).Aiming at understanding the genetic basis of potato primary metabolite accumulation, 
we used a non-targeted metabolic profiling method (i.e. Gas Chromatography Time Of Flight Mass Spectrometry) for the analysis of polar primary metabolites in the diploid 
C x E potato population (Carreno-Quintero et al., 2012). This population is highly heterozygous and has been used in a number of studies to investigate the genetics of 
quantitative traits (Werij et al., 2007; Kloosterman et al., 2010; Kloosterman et al., 2012). We determined the genetic factors underlying the variation of the detected compounds 
and identified metabolic quantitative trait loci (mQTLs) for amino acids, organic acids, sugars and sugar alcohols. In a previous study, amino acid content and variation were evaluated using a targeted approach (Kloosterman et al., 2010). Although, targeted methods are constrained to one or very few compounds, it is possible to obtain better 
quantification, in an absolute manner, using standards of the compounds of interest. 
In the present study, we used the non-targeted metabolite profiling, and two targeted methods, to assess the amino acid content in 97 individual lines of the C x E potato 
population. These data were subsequently used for QTL analysis to identify the genetic determinants explaining the detected amino acid variation. The number and strength 
of the QTLs identified using the targeted methods and the non-targeted approach, revealed that the detection of amino acid variation was comparable across all platforms 
and that all major QTLs could be robustly identified. In addition, we investigated the 
QTL regions for the presence of obvious candidate genes known to be involved in amino acid biosynthesis pathways. Our results are discussed within the context of targeted and non-targeted methods for amino acid measurement and their implications on the detection of the genetic causes of variation in amino acids in potato.
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Materials and Methods
Plant materialThe diploid potato population (C x E) consisting of a total of 251 individuals was obtained from a cross between two heterozygous diploid potato clone coded C and E. Clone C is a hybrid between Solanum phureja PI225696.1  and Solanum tuberosum dihaploid USW42. Clone E is the result of a cross between clone C and the S. vernei-S. tuberosum backcross clone VH34211. The development of the population is described in detail in earlier publications (Celis-Gamboa, 2002). A subset of 97 genotypes of this population 
was grown in the field during the normal potato growing-season (April-September 2003) in Wageningen, The Netherlands. For each genotype, tubers were collected from three plants and pooled for further analyses. Harvested tubers were either used for 
phenotypic analysis or mechanically peeled and immediately frozen in liquid nitrogen 
before being ground into fine powder and stored at -80oC. For metabolomic analysis the ground powder was processed according to the relevant protocol. Biological replication was incorporated within the population structure.
Determination of amino acid content 
GC-TOF-MS
Metabolite profiling: Relative metabolite content was determined essentially 
as described in (Weckwerth et al., 2004) with modifications specific to the 
potato material. This protocol allowed the identification of organic acids, amino acids, sugars and sugar alcohols. The extraction, derivatization and data 
processing were carried out as previously described in (Carreno-Quintero et al., 
2012). Briefly, metabolites were extracted from the polar phase of 100 mg fresh weight (FW) of potato tuber powder with a single-phase solvent mixture of methanol:chloroform:water (2.5:1:1). D3-Ala and ribitol were used as internal standards. Samples were dried by vacuum centrifugation before GC-TOF-MS 
analysis as described in (Carreno-Quintero et al., 2012). Analytical data were processed using ChromaTOF 2.0 (Leco instrument) and MassLynx (Waters), and further analysis was performed using Metalign (Lommen, 2009). The mass spectra 
of the representative masses were subjected to tentative amino acid identification by matching to the NIST08, Golm and Wiley spectral libraries. Mass intensity values of the representative masses were normalized using the fresh weight of the samples before further (statistical) analysis. 
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UPLC-MS/MS
Amino acid detection and quantification: Targeted analysis of individual amino acids was performed using 100 mg (FW) of tuber powder material homogenised at room temperature in 500 µl of extraction buffer (consisting of 80% ethanol and isotopically labelled internal standard d3-Ala at a concentration of 6 pmol/µl). The mixture was vortexed and sonicated for 10 min. After 5 min of centrifugation at 21,000 rcf the supernatant was transferred into a new tube. 500 µl of ethanol 80% was added to the remaining pellet and after sonication for 10 min and 
centrifugation for 5 min this new supernatant was combined with the first one. The 
extract was then filtered using a Minisart SRP4 0.45 µm filter (Sartorious-Stedim 
biotech, France). 10 µl of the sample was derivatized with 20 µl of 6-aminoquinolyl-
N-hydroxysuccinidyl carbamate in 70 µl borate buffer using the AccQ•TagTM Ultra Derivatization kit of according to the instructions of the manufacturer (Waters). The solution was vortexed for several seconds. After incubation at room temperature for 1 min the sample was heated at 550 C for 10 min. The derivatized amino acids 
were separated on the Waters Acquity UPLC system equipped with a binary solvent 
manager, an autosampler, a column heater, and interfaced to tandem quadrupole 
detector. The separation column was a Waters AccQ•TagTM Ultra (2.1 mm i.d. x 100 
mm, 1.7 µm particles). Two mobiles phases were used: AccQ•TagTM Ultra Eluent A1 
(A) and AccQ• TagTM Ultra Eluent B (B). The flow rate was set at 0.7 mL/min and the separation gradient was set as follows: 0.1% B and 99.9% A at 0.54 min ;9.15% B and 90.9% A for 5.74 min, 21.2% B and 78.8% A for 7.74 min; 59.6% B and 40.4% A for 8.04 min; 90.0% B and 10.0% A for 8.05 min; 90.0% B and 10.0% A for 8.64 min; 0.1% B and 99.9% A for 8.73 min and 0.1% B and 99.9% A for 9.50 min. MS 
detection was carried out using a Waters tandem quadrupole detector (TQD). MS methods were designed with 20 Multiple Reaction Monitoring (MRM) transitions, 
according to the instructions of the manufacturer, for the quantification of 20 amino acids ( i.e. Gly, Ala, Ser, Pro, Val, Thr, iso Ile, Leu, Asn, Asp, Gln, Glu, Met, His, Phe, Arg, 
Tyr, Trp, Lys, GABA). Modifications were made to the amino acid hydrolyzate of the 
manufacturer to enhance Asn, Gln, Trp and GABA. Data analysis and quantification was performed using the TargetLynx Application Manager. Calibration curves were 
built using serial dilutions of the AccQ•Tag-derivatized amino acid standard mix solution, spiked with d3-Ala. The concentration was expressed in μmol L-1 100 mg-1 of FW.
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BioChrom20 Amino Acid Analyser
Amino acid detection and quantification: Targeted detection and 
quantification of amino acids using a BioChrom20 (Amersham Pharmacia Biotech) was performed as described before in (Kloosterman et al., 2010). In 
this protocol 150 mg of the ground tuber material was added to 500 μl of 70 mM phosphate buffer (pH 7.0), containing 1 mM dithiothreitol (DTT). Three 
μl of 2 mM norleucine was added to the extract as internal standard. The samples were mixed for 3 min after which 2.5 ml of a mixture of methanol, chloroform and water (12:3:5) was added. The samples were mixed again and 500 µl of deionised water was added followed by centrifugation for 25 min at 3,000×g. The water phase was transferred to a new tube and the extraction was repeated twice with 2.3 ml of water. All three water phases were combined, transferred to a new tube and freeze dried. The freeze dried material was dissolved in 1 ml of water and centrifuged at 12,000×g for 30 min to remove any insoluble substances. Amino acid analysis was performed using a BioChrom 20 
(Amersham Pharmacia Biotech). 150 μl of 0.2 M lithium citrate buffer (pH 2.2) 
was added to 150 μl of the sample and 40 μl of the mixture was loaded onto an ion-exchange column (Ultrapac 8 resin lithium form, I = 200 mm, d = 4-6 mm). A stepwise elution by 5 lithium citrate buffers (pH 2.8, 3.0, 3.15, 3.5, 3.55) was employed and the amino acids were detected with ninhydrin reagent and the concentration expressed as mg g-1 dry weight (DW).
QTL analysis
Metabolite QTL analysis for the metabolic profiling with GC-TOF-MS was initially performed using the software package Metanetwork (Keurentjes et al., 2006; Fu et al., 2007). This software allows the simultaneous and rapid analysis of high-throughput data from metabolomics 
experiments. In order to increase the power and precision of the QTL analysis the amino 
acid data were extracted from the metabolic profiling dataset and QTLs were confirmed 
using the QTL library of GenStat 15 (VSN 2012). Furthermore, multi-environment data 
analysis was performed using the GenStat QTL library based on REML (residual maximum likelihood) procedures. Here, the different environments represent the three detection 
platforms. In the first step, for each amino acid, a phenotypic mixed model for genotype-by-
environment interaction was fitted. The best variance-covariance model (VCOV) model was selected based on the Schwarz (Bayesian) Information Criterion (SIC) (Schwarz, 1978). The best model was selected among six VCOC models allowing heterogeneity of genetic variances across individual environments and heterogeneity of genetic correlations between pairs of 
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environments (Boer et al., 2007). In a second step, the best model was used in a single trait-
multi-environment QTL analysis including repeated genome scans for the detection of QTL 
effects (Boer et al., 2007; Malosetti et al., 2008). The QTL analysis was performed using two 
separate linkage maps due to the expected differences in the recombination frequencies between the two parents (with genetic background from two different Solanum species). The 
number of markers specific for the C-parent map is 218 and for the E-parent map 178, with an average spacing between markers of 6.1 and 3.9 centimorgan, respectively.
An initial genome-wide scan to detect potential QTL positions was performed using simple 
interval mapping (SIM). Subsequently, one round of composite interval mapping (CIM) to 
scan for QTL effects in the presence of automatically selected co-factors was performed. The 
third step of the QTL analysis consisted of a final selection of markers representing candidate 
QTLs to fit the final QTL model on each chromosome position. In this final step, the method 
checked if all QTLs were significant in the combined model and, if not, the QTL with the lowest Wald test statistic was dropped from the model. This process was repeated until all 
the selected loci in the remaining model were significant. The method also checked for “QTL-
by-Environment” interaction. If the interaction was not significant, only the main effect was 
kept in the model for the corresponding QTL. The QTL analysis estimates true associations (-log10 P-values) with a significance threshold calculated using the Li & Ji method (Li and Ji, 
2005) with a genome-wide significance level of 0.05.
Candidate gene identificationTo identify possible candidate genes for amino acid accumulation in potato, we extracted the list of genes involved in amino acid biosynthesis for Arabidopsis available at the Kyoto Encyclopedia of Genes and Genomes (http://www.genome.jp/kegg/pathway.html). 
The sequences of 183 genes related to amino acid biosynthesis were obtained from the Arabidopsis Information Resource (http://www.arabidopsis.org/) and homologous potato 
sequences were identified using the advance BLAST tool available in the Sol Genomics Network (http://solgenomics.net/). This search produced a list of potato sequences whose 
annotation was inspected in the Potato Genome Sequence Consortium Browser (http://solgenomics.net/gbrowse/bin/gbrowse/PGSC_DM3.4/). The threshold level for the log of 
odds (LOD) for each amino acid QTL was used to determine a search window according to 
a 2-LOD support interval. Any gene coinciding with the QTL support interval that encoded an enzyme directly involved in the biosynthesis of the corresponding amino acid or whose annotation suggests an association with its biosynthesis was considered a likely candidate 
explaining that QTL.
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Results
Metabolite profiling: Determining amino acid content using a non-targeted 
approachTo investigate the analytical power of non-targeted metabolomics for individual metabolites the amino acid content in 97 genotypes and the parental clones of the potato C x E population was determined according to standard methods (Weckwerth 
et al., 2004) with modifications as described in (Carreno-Quintero et al., 2012). With this method the relative abundances of 20 amino acids could be determined (i.e. Ala, 
Asn, Asp, γ-aminobutyric acid (GABA), Glu, Gln, Gly, Ile, Leu, Lys, Met, Phe, Pro, Pyro-glu, 
Ser, Thr, Trp, Tyr, Val and β-ala). The distribution of the detected amino acids showed 
coefficients of variation between 26 and 50% for the majority of amino acids (Figure 
1). This large variation is likely to be explained by genetic factors and therefore is amenable to genetic mapping. Analysis of the distribution of each amino acid (data not shown) showed that some of the individuals of the population had more extreme amino acid content than either of the parental types, indicating transgressive segregation. 
Inspection of the relative quantification of the detected amino acids showed that the 
most abundant amino acids were Asn, GABA, Asp, Gln and Glu, whereas β-ala, Leu, Gly and Met were the least abundant. These amino acid abundances were in the same range as previously reported in other studies also using GC-TOF-MS-based metabolite 
profiling (Roessner et al., 2000; Dobson et al., 2008).Using all samples, a hierarchical cluster analysis was performed using Spearman’s 
rank correlation coefficients on the amino acids abundances. Two amino acids were 
considered to be highly correlated if the coefficient value was ≥ 0.6. Figure 2 shows a heat-map with the correlation matrix and cluster analysis. Branched amino acids 
(i.e. Ile, Leu and Val) clustered and displayed high correlation values (> 0.7). Aromatic 
amino acids (i.e. Tyr, Trp and Phe) also showed high correlation (> 0.7). Although these correlations were predictable and have been reported in other studies for potato, (e.g. Ser and Gly (0.7) (Dobson et al., 2008), others were between amino acids that are not closely linked biosynthetically (e.g. Ala and Thr, Ala and Gly, Ala and Ser, Trp and Ile, Trp and His, Trp and Tyr). Unexpected correlations between amino acids in potato tubers have been reported in previous studies (Roessner et al., 2001; Dobson et al., 2008). Interestingly, methionine was not highly correlated to the majority of the other amino acids, showing correlation values below 0.6. By careful inspection of the Met data we noted that there are a number of samples with very low concentrations that depart from the general trend observed for the majority of samples. When these samples 
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were removed, the correlation values improved (data not shown). However, for further 
analyses the data were included to prevent data over-fitting. The overall correlation also showed that the values of the negative correlations were not lower than -0.4 and they occur predominantly between amino acids that are not biochemically related such as Met and Asp.
Figure 1. Histogram of the distribution of amino acid variation. The data shown are based on the percentage 
of the Coefficient of Variation (CV%) across the analysed individuals of the C x E population for the amino 
acids identified with GC-TOF-MS 
based metabolite profiling (in blue), Biochrom 20 (in red) and ULPC-MS/
MS (3Q) (in green). 
Detection and quantification of amino acids: Targeted methodsTo validate the determination of amino acids in the non-targeted approach two different 
analytical platforms were used for targeted analysis on aliquots of the same material from the 97 individuals and the parental clones of the C x E population. The BioChrom 20 amino acid analyser (BIO) (Amersham Pharmacia Biotech) relies on the separation of free amino acids by ion exchange chromatography followed by post-column derivatization with 
ninhydrin (Kloosterman et al., 2010). Each amino acid is quantified by interpolating on calibration curves of dilution series of standards. Using this method the concentration of 21 amino acids was determined (i.e. Gly, Ala, Ser, Pro, Val, Thr, Ile, Leu, Asn, Asp, Gln, Glu, Met, His, Phe, Arg, Tyr, Trp, Lys, GABA and Orn). 
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The second targeted method (UPLC-MS/MS), which we will refer to as 3Q, is a UPLC 
system combined with a tandem quadrupole mass spectrometer, operated in the multiple reaction monitoring (MRM) mode. This system was used with a pre column 
derivatization using the AccQ•Tag method (Materials and Methods) and it is well recognized for enhanced sensitivity and reproducibility for amino acid detection and 
quantification. Using this analytical platform and again calibration curves of amino acid 
standard dilution series, the quantities of 20 amino acids were determined (i.e. Gly, Ala, Ser, Pro, Val, Thr, Ile, Leu, Asn, Asp, G ln, Glu, Met, His, Phe, Arg, Tyr, Trp, Lys and GABA). The resulting absolute levels of amino acids with both targeted methods showed that Asn, Gln, Glu and GABA were the most abundant, whereas Gly, Leu and Met showed the lowest levels, in accordance to what was found with the non-targeted method. Also with the two targeted methods the distribution of the detected amino acids was wide and 
comparable to the coefficients of variation determined with GC-TOF-MS based amino 
acid profiling (Figure 1).Similarly as with the non-targeted approach, hierarchical cluster analysis using 
Spearman’s rank correlation values on the quantified amino acids was performed. With both targeted methods the cluster analysis showed similar grouping among branched and aromatic amino acids as for the untargeted analysis described above. In addition, Spearman’s rank correlation analysis and hierarchical cluster analysis on the three different amino acid data sets showed that the individual amino acids 
measured with the three analytical techniques clustered and showed high correlation 
values ≥0.7 (Supplementary Table 1, Figure 2). The high correlation values between the three methods are not surprising, since it is expected that methods that have been developed to measure the same trait are related. The correlation values are used as an indication of the relationship between two variables, however they do not reveal the level of agreement between the measurements of methods under comparison (Bland and Altman, 1986, 1988). We examined the level of agreement between methods by inspecting the plots for each individual amino acid (data not shown) and identifying 
points that would lie far from the line of equality. This also helps to identify outliers. Overall, we found a reasonable good level of agreement for all amino acids between the three methods. However, for the majority of amino acids the agreement was better 
between measurements from 3Q and GC-TOF-MS as well as 3Q and BioChrom20 than between GC-TOF-MS and BioChrom20. Some amino acids such as Gln showed a 
substantial number of data points far from the line of equality resulting in a low level of agreement between the three platforms. Similarly, a number of samples measured with GC-TOF-MS showed low values for Met that resulted in a lower level of agreement 
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between GC-TOF-MS and the two targeted methods (Supplementary Figure 1 and Supplementary Table 2).Figure 2 shows the correlation matrix and the cluster analysis of all the amino acids measured with the three analytical platforms. Also here biosynthetically related amino acids such as branched-chain and aromatic amino acids clustered.
Figure 2. Correlation matrix and cluster analysis of detected amino acids using GC-TOF-MS based metabolite 
profiling (GC), UPLC-MS/MS (3Q) and BioChrom20 amino acid analyser (BIO). Spearman rank correlation values between amino acids are indicated by colour intensity. 
QTL mapping of amino acid variation To determine how much of the variation in the amino acid levels analyzed with the three different analytical platforms could indeed be mapped, we performed an integrated 
QTL analysis. The analysis was carried out using two separate linkage maps due to the 
expected differences in the recombination frequencies between the two parents (with genetic background from three different Solanum species) (Hurtado, 2012). For this analysis we used amino acids that were detected with all three analytical platforms (i.e. Ala, Gly, Ser, Pro, Val, Thr, Ile, Leu, Asn, Asp, Gln, Glu, Met, Phe, Tyr, Trp, Lys and GABA). Each amino acid was analyzed for each platform separately to identify the relationships between the three different analytical methods (i.e. environments). We then used 
a multi-environment QTL analysis to test for the presence of QTL-by-environment 
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interactions (QEI) and investigated the genetic structure for amino acid accumulation 
in multiple “environments”. The multi-environment QTL analysis also allowed for the 
identification of pleiotropic genetic regions, stable QTLs across environments and 
environment-specific QTLs.
In total 12 amino acids could be mapped, five using the C-map and ten using the E-map. 
Three amino acids could be mapped at both maps. QTLs were detected for Ala, Glu, Thr, Trp and Val (C-map) and GABA, Gln, Glu, Gly, Lys, Met, Phe, Thr, Tyr and Val (E-map). For 
most amino acids only one QTL was detected suggesting strong monogenic regulation. 
For a few amino acids, however, multiple QTLs were detected (e.g. two QTLs for Thr detected on the C-map and for GABA, Gln, Gly, Met, Thr and Val on the E-map) indicating 
more complex multi-genic regulation. QTLs for amino acid accumulation were detected 
at various chromosomes but a strong hotspot was identified on chromosome five of the E-map (Figure 3 and Table 1). This locus is known to be involved in plant maturity (van-Eck et al., 1994; Collins et al., 1999; Oberhagemann et al., 1999; Kloosterman et 
al., 2013) and as such, QTLs for development-related traits are expected to map to this 
position. We found QTLs for biochemically related amino acids, Gly and Thr, and for Lys, Met, Phe, Tyr and Val mapping to this genomic region on the E-map. Other pleotropic 
regions were identified on chromosome 3 on the E-map where QTLs for Glu, Gly, Met 
and Val were detected and on chromosome 3 and 5 on the C-map where QTLs for Thr and Val, and Glu and Trp, respectively, were detected (Figure 3).
Significant QTLs were consistently detected using data of all three different analytical platforms (Figure 3 and Table 1). Exceptions were QTLs on chromosome 3 for Val detected at the C-map and for Gly and Val detected at the E-map, which were detected 
only with data of GC-TOF-MS and 3Q (Figure 3 and Table 1). QEI were found for most 
of the detected QTLs at the C-map (four out of six) and a substantial number at the E-map (seven out of sixteen). Still the difference in explained variance (%) (Table 1) of 
QTLs for the same amino acid across the different platforms was rather small, indicating 
a fairly similar estimation of genetic variation across platforms assuring reliable QTL 
detection independent of the method of measurement. The QTL explaining the most 
variance (47.3%) was detected for GABA on chromosome 5 at the E-map and QEI was 
not detected for this QTL. Notably, for the majority of amino acids the percentage of 
explained variance was higher for the QTLs detected with the 3Q method, suggesting that this technology is the most accurate in measuring amino acids. Exceptions were 
QTLs on chromosome 5 for Trp detected on the C-map and for Gln detected on the E-map, which show higher explained variance with the measurements from BioChrom20. 
The QTL effects on the C-map were all positive, indicating that the allele of the second 
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parent of the C-clone was associated with higher values of the traits. For example, the 
QTL detected for Ala on chromosome one with the measurements of 3Q indicates that the allele of parent B of the C clone causes an increase in the Ala concentration by 
24.21μmol/L (Table 1). In the case of the E-map, QTLs with positive and negative effects 
were identified, with a positive effect implying a higher value for the trait conferred by the allele of the second parent of the E clone and a negative effect conferred by the allele 
of the first parent.  
QTL co-localizations were detected for a number of amino acids. Biosynthetically related 
amino acids GABA and Gln showed a co-localizing QTL on chromosome 5 and Tyr and 
Phe, two branched amino acids, shared a QTL in another region of chromosome 5. Other 
overlapping QTLs for amino acids that were not biosynthetically related were observed 
in both maps. For instance, we detected a shared QTL for Gly and Val on chromosome 3 of the E-parent (Table 1). Not surprisingly, a number of co-localizations of non-biosynthetically related amino acids occur at the pleiotropic region of chromosome 5; 
for example Gly and Lys and Met and Thr shared QTLs in this region.For His and Arg, which were only detected with the targeted methods; Orn, only detected with BioChrom 20 and β-ala and Pyro-glu, only detected with the non-targeted method, 
independent QTL analyses were performed, using single trait linkage analysis for each amino acid separately in a single environment analysis. Table 2 shows a description of 
the QTLs found in these analyses. All the detected QTLs, except one QTL for Arg, were 
mapped to the E-map. The QTL on chromosome 3 of the C-map for Arg was only detected 
with the measurements of the 3Q, suggesting that the sensitivity of the BioChrom20 did not allow the detection of the variation for this amino acid in the C x E population. No 
QTL was found for Orn.
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Figure 3. Multi-environment composite interval mapping for amino acids measured with three different 
analytical methods. A) C-parent map and B) E-parent map. The upper panel in both figures shows the QTL 
profiles with their –log10(P) significance values, the red horizontal line is the genome wide significance 
threshold. . The lower panels show environment specific QTL effects. Positive (red) and negative (blue) allele 
substitution effects are shown. In the C-map, Blue (Red) indicates that Parent 1 (Parent 2) have significantly 
higher amino acid values. In the E-map Blue (Red) indicates that Parent 1 (Parent 2) has significantly higher values.
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Table 2. QTL results of single trait linkage analysis. LG: Linkage group, Pos (cM): the cM position of the QTL 
peak. %Expl: The percentage of quantitative variance explained by the QTL. Add eff: Additive genetic effect. s.e :standard error.Analytical Platform Trait LG Pos (cM) (-log10P) %Epl Add eff s.eGC β-ala E5 31.13 7.1 26.7 0.52 0.09GC Pyro-glu E5 35.20 4.4 16.9 0.41 0.10BIO His E9 94.56 4.3 18.6 0.43 0.10
3Q Arg C3 1.05 3.8 14.2 0.38 0.10  E5 28.45 3.4 12.7 0.36 0.10
3Q His E9 94.56 3.5 14.2 0.04 0.10
Assigning candidate regulatory genes involved in amino acid accumulation To further investigate the detected genomic regions involved in amino acid variation, we 
inspected the QTL support intervals for candidate genes inferred from gene annotation data (Keurentjes et al., 2006; Lisec et al., 2008). We examined 182 candidate genes that are associated with amino acid biosynthesis in Arabidopsis in KEGG, including structural genes 
for enzymes. For these genes we obtained the DNA sequence from TAIR and subsequently 
their homologous potato sequences using a BLAST service from the Sol Genomics Network (http://solgenomics.net/). We  manually inspected the annotation of the potato sequences in 
the Potato Genome Sequence Consortium Browser (http://solanaceae.plantbiology.msu.edu/cgi-bin/gbrowse/potato/). Any potato gene, encoding an enzyme that directly interacts with the amino acid or whose annotation suggests an association with its biosynthesis, coinciding 
with an amino acid QTL 2-LOD support interval was assigned as a likely candidate explaining that QTL.
Using the available annotation of the sequences we found a number of genes, associated with 
different amino acid biochemical pathways within the QTL support intervals (Table 3). We 
identified candidate genes for four out of the six QTLs detected on the C-map and for ten out of the sixteen detected on the E-map. For example, genes encoding two isoforms of glutamate decarboxylase (PGSC0003DMT400079707 and PGSC0003DMT400079706) were identified 
within the QTL support interval for Glu content at chromosome 3 of the E-map. Another 
interesting example, also related to the Glu pathway, is the QTL for GABA on chromosome 
5, which contains two gene sequences annotated as ALANINE AMINO TRANSFERASE. This 
enzyme catalyzes the transfer of an amino group from L-Ala to α-ketoglutarate, producing glutamate and pyruvate. Glutamate can then be converted to GABA by glutamate decarboxylase. 
This same gene sequence was also found in the QTL interval for Glu in chromosome C5. The 
110
a combination of metabolomics and qtl mappingChapter 4
111
4
4
obtained list further contains interesting candidate structural genes associated with the biochemical pathways of nine other amino acids (Table 3). Some of the gene annotations in 
Table 3 have more than one associated gene sequence. It is known that enzyme encoding-genes are usually members of small gene families that resulted from duplication events (Macel et al., 2010). Such duplications can occur in tandem which hampers the selection of the most 
likely candidate within the QTL interval.
Although the identified genes represent valuable information, it is important to consider that this list may contain false positives that are inherent to statistical estimation of the genomic 
distribution of the QTLs (Lisec et al., 2008). In addition, insufficient annotation of the just 
recently released potato genome did not allow the identification of other candidate genes 
for the detected QTLs. Nonetheless, the assigned candidate genes provide valuable leads for further investigation of genetic regulation of amino acid accumulation in potato tubers.
Table 3. List of candidate genes possibly involved in the regulation of amino acid biosynthesis in potato and 
their QTL position in each parental map (i.e. C or E).
Amino acid Chromosome Candidate gene identified
Ala C1: 51.78 PGSC0003DMT400017579,  PGSC0003DMT400017581 : Glutamate  dehydrogenase
PGSC0003DMT400011133: Glutamine synthetase
Glu C5 PGSC0003DMT400047918,  PGSC0003DMT400047917 : Alanine 
aminotransferase(AlaT1)
Thr C7: 9.97 PGSC0003DMT400051203, PGSC0003DMT400051201 : Choline monooxygenase
Trp C5: 86.8 PGSC0003DMT400010555: Aldehyde dehydrogenase (NAD+)
GABA E1: 35.13 PGSC0003DMT400089372: Amidophosphoribosyltransferase
E5: 31.13 PGSC0003DMT400047918,  PGSC0003DMT400047917: Alanine 
aminotransferase(AlaT1)
Gln E4: 25.14 PGSC0003DMT400024171,  PGSC0003DMT400024170: Argininosuccinate lyase
Glu E3: 13.09 PGSC0003DMT400079707: Glutamate decarboxylase isoform 3
PGSC0003DMT400079706: Glutamate decarboxylase isoform 1
Gly E5: 51.02 PGSC0003DMT400040717: Serine hydroxymethyltransferase
PGSC0003DMT400069840, PGSC0003DMT400069799, PGSC0003DMT400069800,PG
SC0003DMT400069803,
PGSC0003DMT400069988,PGSC0003DMT400069798: 
Dihydrolipoyl dehydrogenase
Lys E:51 PGSC0003DMT400010555: Aldehyde dehydrogenase (NAD+)
Phe E5: 34.12 PGSC0003DMT400018061: 3-phosphoshikimate 1-carboxyvinyltransferase
Tyr E5: 34.1 PGSC0003DMT400018061: 3-phosphoshikimate 1-carboxyvinyltransferase
Val E3: 11.83 PGSC0003DMT400035003: 3-isopropylmalate dehydratase
E5: 51.02 PGSC0003DMT400069799, PGSC0003DMT400069800, 
PGSC0003DMT400069803, PGSC0003DMT400069798,  PGSC0003DMT400069840: 
Dihydrolipoyl dehydrogenase
PGSC0003DMT400010555: Aldehyde dehydrogenase (NAD+)
PGSC0003DMT400049308, PGSC0003DMT400049309: Dihydroxy-acid dehydratase
110
a combination of metabolomics and qtl mappingChapter 4
111
4
Discussion Amino acid analysis has been facilitated by the progress in analytical chemistry. Currently, there is a wide range of methods to determine the amino acid content in a biological sample in a rapid and reliable manner (Alterman, 2012). The preferred method of detection and analysis is no longer limited by the technology and more relevant now, 
is the application of these analyses and the particular questions to be answered. In the present study, we have implemented three different analytical platforms that allowed 
the quantification of amino acids in potato tuber samples of a mapping population. The 
data allowed the identification of a range of genomic regions – and possible underlying gene candidates - responsible for the variation in amino acid content in this potato population. The analysis of free amino acids in plant material has many applications. Not only are amino acids the building blocks of proteins but they also serve as precursors for other metabolites important in plant response to stress. In addition, the analysis of amino acids is instrumental in the study of the nitrogen status of plant samples. In dormant potato tubers that have been stored at low temperatures, the content of amino acids is also related to the Maillard browning reaction, which ultimately determines the fry colours of processed potato products (Brierley et al., 1997). Here, we used three different analytical platforms to determine amino acid content and variation in 97 individuals and the parental clones of a diploid potato population. We detected 18 of the commonly occurring amino acids with all three analytical methods. For the 
majority of amino acids, correlation across the three different methods was high (> 
0.6), indicating consistency in the identification and quantification. Normally, the procedures of the non-targeted and targeted analytical methods used different sample processing protocols, therefore differences in extraction, derivatization and separation 
techniques may create variation that is not related to the amino acid content in the biological sample. In addition, the dynamic range and sensitivity of the platform used 
may influence the recovery and quantification of the amino acids. Notwithstanding the importance of these observations, we convincingly show that these caveats do not hamper the reliable detection of causal genetic factors for amino acid variation using these analytical platforms.
To identify QTLs explaining the detected variation in amino acid accumulation in potato tubers, we used a diploid mapping population. We could assign genomic regions for 
approximately 67% of the detected amino acids. Amino acids sharing a QTL are expected to correlate because they co-segregate in a mapping population. This is the case for the 
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biochemically related Phe and Tyr sharing a QTL on chromosome 5. Other amino acids 
(e.g. Gly and Val; Glu and Met; Thr and Val) shared a QTL on chromosome 3. QTL co-localizations can serve to infer genetic correlations between two traits. In the case of amino acids that are biochemically related genetically inferred links can be the result of a master regulator of the pathway whereas for amino acids that are not biochemically 
related a shared QTL can result from closely linked independent regulators or a common upstream regulator. 
In previous targeted studies, a QTL was found for Tyr on chromosome 8 of the C-parent 
map (Werij et al., 2007). Here, we could not confirm this QTL, and we attribute this 
to the differences in the algorithms used for QTL analysis. In contrast, the QTLs on 
chromosome 3 and 5 for Met, reported before (Kloosterman et al., 2010) were confirmed in our analysis. Met is an important amino acid as an indicator of the nutritional value of potato. Moreover, Met is the precursor of methional, which is an important metabolite 
for potato flavour and several attempts have been made to increase its content (Di et al., 2003; Dancs et al., 2008). Unfortunately we could not assign an obvious candidate gene explaining the accumulation of Met and further genetic analysis should be performed to identify the causal genes behind the variation of this important amino acid. In the pleiotropic region on chromosome 5, which previous studies have shown to be linked to a number of developmental and resistance traits (Collins et al., 1999; 
Oberhagemann et al., 1999), we found six QTLs for six amino acids (Table 1). However, 
a number of QTLs were also found outside this region, such as QTLs for Gln and Glu, involved in nitrogen metabolism. In addition, a number of amino acids mapped to 
multiple positions. For example, Val has a QTL in the pleiotropic region of chromosome 
5 and another one on chromosome 3. This finding highlights the importance of other genomic regions in the regulation of amino acid accumulation independent of developmental control. The multi-environment analysis of the amino acid measurements provides a basis to compare the effect of different analytical platforms for the detection of genetic 
variation. Our results showed that the majority of QTLs could be detected with the 
two targeted methods as well as the non-targeted method. Interestingly, some QTLs 
were detected with 3Q and GC-TOF-MS but not with the second targeted method (i.e. 
BioChrom20). Such is the case for QTLs for Gly and Val on chromosome 3 of the E-map. The concentration of Gly was one of the lowest among all the detected amino acids 
and this suggests that the sensitivity of the Biochrom20 is not sufficient to detect the variation of Gly in this population.
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Another advantage of the multi-environment analysis is the possibility of estimating 
QTL-by-environment interactions (QEI). Although we detected QEI, the difference in 
QTL effects was low (Table 1), indicating only a weak dependency on analytical method. 
Another interesting aspect was that no QEI was detected in the plant maturity region, which is probably explained by the strong genetic effect of this region. 
The identification of candidate genes underlying trait variation in crops remains a great challenge. Although the advancements in transcriptomics, metabolomics and proteomics are now being applied to the study of genetic variation, the application and analysis of these approaches in crops is still in its infancy. The observation that 
genes associated to amino acid biosynthesis pathways could be localized in QTL regions pinpoints important candidate genes that can be used for breeding purposes. In our study, we found a candidate gene for glutamate decarboxylase co-localizing with a highly 
contributing QTL for Glu content. Glutamate decarboxylase catalyses the decarboxylation 
of glutamate to GABA in the first committed step of the GABA shunt pathway. This is 
an exciting finding and it can be used to explore interesting polymorphisms leading to allelic differences for this gene. Other interesting candidate genes also co-localized 
with amino acid QTLs and they represent valuable targets for breeding programmes aiming to engineer crop metabolism (Fernie and Schauer, 2009). Nonetheless, it should be kept in mind that some of the support intervals that were used as a search window for candidate genes were relatively large, which will probably increase the chance of 
finding pathway associated genes. With better gene annotation and genetic resolution 
it should be possible to investigate enrichment of pathway associated genes within QTL intervals in greater detail. 
The identified QTLs for amino acids are useful for future metabolomics-assisted 
programmes (Fernie and Schauer, 2009) in potato. One significant finding reported in this study is that amino acid analysis from both targeted and non-targeted approaches 
is equally suitable for the determination of genomic regions involved in amino acid variation. The challenge remains to elucidate the underlying genes and further genetic studies are necessary to achieve this. However, the possibilities offered by the 
strengths of systems biology approaches will certainly aid in the rapid identification of candidate genes for future crop improvement strategies. Furthermore, in potato, the 
recent completion of the genome sequence (PGSC, 2011) will open new possibilities to broaden our understanding of important aspects of the physiology and evolution of this world-wide staple crop. 
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Supplementary Tables and Figures 
Supplementary Table 1. Spearman correlation values across the three different analytical techniques used. 
Cells that are in blank correspond to amino acid that were not detected with either of the techniques. Trp 
measurements with BIO had a significant number of missing values that may influence the low correlation. 
GC: GC-TOF-MS; BIO: BioChrom20; 3Q: UPLC-MS/MS.
 3Q  vs. Bio 3Q vs. GC Bio vs. GC
gly 0.85 0.89 0.84
ala 0.91 0.98 0.91
ser 0.94 0.98 0.94
pro 0.93 0.96 0.93
val 0.86 0.96 0.84
thr 0.95 0.96 0.91
ile 0.93 0.96 0.92
leu 0.93 0.94 0.92
asn 0.81 0.89 0.84
asp 0.86 0.86 0.78
gln 0.64 0.63 0.90
glu 0.85 0.89 0.79
met 0.92 0.80 0.75
his 0.80   
phe 0.96 0.98 0.94
arg 0.85   
tyr 0.94 0.95 0.91
trp 0.16 0.89 0.15
lys 0.92 0.85 0.84
GABA 0.96 0.94 0.93
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Supplementary Figure 1. Plots for A) Glutamine and B) Methionine showing the line of equality to evaluate the level of agreement between measurements from the three different analytical platforms. GC: GC-TOF-MS; 
BIO: BioChrom20; 3Q: UPLC-MS/MS.      
A   Glutamine                                          B     Methionine          
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Abstract
γ-Aminobutyric acid (GABA) is a ubiquitous four-C, non-protein amino acid present 
in plants and animals.  In a metabolite profiling and QTL mapping study in potato, 
we detected a number of metabolic QTLs (mQTLs) for GABA. Expression QTL (eQTL) 
analysis on the same population revealed co-localisation of one of the mQTLs for GABA 
with an eQTL for GLUTAMATE DECARBOXYLASE (GAD), which encodes the enzyme that regulates the conversion of glutamate to GABA. To further investigate this relationship 
and the metabolic significance of GABA in potato, we generated transgenic potato plants that were either harbouring an RNAi silencing construct for a potato GAD or overexpressing a truncated GAD from Petunia hybrida (GAD∆C). Shoots and tubers of the GAD-silenced plants had significantly lower levels of GABA in leaves and tubers but no visible phenotype. Leaves and tubers of the GAD∆C overexpressing transgenic plants accumulated considerably higher amounts of GABA than wild type and also displayed altered levels of some amino acids, carbohydrates and citrate. GAD∆C overexpressing plants were smaller than the wild type and displayed a chlorotic phenotype. Our results suggest that low levels of GABA, produced by the silencing of GAD, do not have 
a significant effect on the morphological and metabolic phenotype of the plant. In contrast, the deregulation of GAD has an important effect on the morphological and metabolic phenotype, implying that normal GAD activity is necessary for normal plant development. 
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Introduction
Quantitative trait locus (QTL) analysis is an effective method to study natural variation of non-Mendelian traits  in segregating populations. The incorporation of this approach 
with the new profiling technologies (i.e. transcriptomics, proteomics, metabolomics) has proven successful in localizing genetic loci that explain the observed variation in 
metabolite content (Keurentjes et al., 2006; Schauer et al., 2006; Carreno-Quintero et al., 2012). One of the advantages of such an approach is the possibility to identify genomic 
regions that affect the variation of numerous traits (i.e. QTL hotspots) (Breitling et al., 2008), which are of particular biological interest as they can harbour master regulators (Neto et al., 2012). Furthermore, the overview provided by  the simultaneous analysis 
of many traits also increases the possibility of identifying highly significant QTLs for 
the traits under study. Using GC-TOF-MS-based metabolite profiling followed by QTL 
mapping, we previously identified metabolic QTLs (mQTLs) for primary metabolites 
in the segregating diploid potato population C x E (Carreno-Quintero et al., 2012). This population is highly heterozygous and has been analysed in a number of studies to 
investigate the genetic architecture of quantitative traits (Werij et al., 2007; Kloosterman 
et al., 2010; Wolters et al., 2010). In this study, a high density of mQTLs was detected in a well characterised locus on chromosome 5. This region has been demonstrated to be involved in the control of plant maturity (van Eck and Jacobsen, 1996; Collins et al., 1999; Oberhagemann et al., 1999; Kloosterman et al., 2013) and as such, exerts strong pleiotropic effects on development-related traits. However, many metabolites (also) 
showed mQTLs outside this region, suggesting that these genomic regions play a role 
in the regulation of the accumulation of these metabolites. One of the QTLs outside the 
plant maturity region was a highly significant mQTL for GABA (Carreno-Quintero et al., 2012).
GABA (γ-aminobutyric acid) is a non-protein amino acid that is widely known for its function as the major inhibitory neurotransmitter in the mammalian brain (Varju et 
al., 2001). This four-C amino acid was first identified over half a century ago in potato tubers (Steward, 1949), but it is also present in other organisms such as unicellular eukaryotes (Coleman et al., 2001) and prokaryotes (Metzer and Halpern, 1990). The metabolic pathway of GABA has been called the GABA shunt because it bypasses two steps of the tricarboxylic acid cycle (TCA): the conversion of 2-oxoglutarate (2-OG) to 
succinyl CoA, and the subsequent conversion of succinyl-CoA to succinate. In plants, GABA biosynthesis starts in the cytosol through the decarboxylation of Glu, catalysed by glutamate decarboxylase (GAD). GABA is then transported to the mitochondria, 
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where it is converted to succinic semialdehyde by the action of GABA transaminase. 
Subsequently, the enzyme succinic semialdehyde dehydrogenase oxidizes succinic semialdehyde to succinate and this enters the TCA cycle.
Although GABA was first discovered in plants, its importance as a neurotransmitter shifted research efforts to its role in animals. In recent years, the study of the function 
of GABA in plants was revitalized owing to the findings of increased levels of this metabolite in response to different plant stresses. Normally, GABA levels in plant tissues are low but the activity of the GABA shunt is considerably enhanced in response to a wide range of factors including biotic and abiotic stresses and stimuli such as heat shock, hypoxia, mechanical stimulation and phytohormones (Shelp et al., 1999; 
Kinnersley and Turano, 2000). Some studies have also shown diurnal fluctuations in GABA levels (Masclaux-Daubresse et al., 2002), changes during seed maturation (Fait 
et al., 2006), flower fertilization (Palanivelu et al., 2003) and fruit development (Rolin et al., 2000; Carrari et al., 2006; Akihiro et al., 2008; Yin et al., 2010). Other studies have associated GABA with roles as osmoregulator, protectant against oxidative stress, signalling molecule and regulator of cytosolic pH (see (Bouche and Fromm, 2004) and references therein). GABA has also been suggested to be a transient N storage metabolite (Shelp et al., 1999) and an accessible source of C and N that will ultimately feed into the TCA, which plays an important role during stress events (Breitkreuz et al., 1999; Solomon and Oliver, 2002; Beuve et al., 2004; Bouche and Fromm, 2004; Fait et al., 2011). While these studies reveal the many physiological phenomena in which GABA 
production seems to be affected, the specific metabolic role of this amino acid remains 
to be elucidated. Some recent studies, using metabolite and transcript profiling, have suggested the metabolic importance of the GABA shunt in the interplay of metabolic routes for mitochondrial and cellular respiration in tomato leaves (Studart-Guimaraes et al., 2007). Furthermore, some studies have proposed that GABA plays a dual role as a metabolite and as signalling molecule (Bouche and Fromm, 2004).
The first regulatory checkpoint of the GABA pathway in plants is the positive regulation of GAD by Ca2+/calmodulin. Research on this first step was stimulated after the cloning of the petunia GAD and the characterization of the encoded enzyme (Baum et al., 1993). In most plant species, GAD is Ca2+/calmodulin dependent, although in rice the occurrence of a GAD lacking the calmodulin binding domain has been reported (Akama et al., 2001). Evidence suggests that stress initiates a signal transduction pathway that increases the cytosolic concentrations of Ca2+, stimulating the Ca2+/calmodulin 
dependent GAD activity and the subsequent production of GABA (Shelp et al., 1999). 
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The importance of this enzyme was demonstrated in an early study in tobacco, where the overexpression of a truncated GAD from petunia resulted in transgenic plants with severe morphological abnormalities (Baum et al., 1996). The cells in the stem cortex parenchyma did not elongate as in the wild type and there was continuous development of new internodes at the apex of the stems (Baum et al., 1996). In Arabidopsis, a more recent study investigated the role of GAD in seed development. In this case, a truncated 
GAD from petunia was overexpressed under the regulation of a seed specific promoter in developing Arabidopsis seeds. The study demonstrated that the deregulated conversion of Glu to GABA during seed development affects the C/N balance  during seed development, inducing an increased N-to-C ratio (Fait et al., 2011).In potato, the presence of GABA in tubers has been reported in several studies (Golan-Goldhirsh et al., 1982; Roessner et al., 2000). However, studies on the metabolic relevance of GABA in potato have not yet been performed. In the present study, we 
identified an eQTL for GAD overlapping with the highly significant mQTL for GABA 
described above. To gain insight into the metabolic significance of GABA in potato 
and to further investigate the association between the mQTL and eQTL, we generated transgenic potato plants with alterations in the conversion of Glu to GABA. We used RNAi-mediated gene silencing of a potato GAD and the overexpression of a deregulated 
GAD version from petunia to knockout and to overexpress GAD function, respectively. 
The transgenic plants were subjected to metabolite profiling to investigate genome-
wide metabolic consequences. Our results show that plant development and metabolic 
profiles are significantly altered by the changes in GAD activity and the resulting changes in GABA levels. The results are discussed in the context of the regulatory role of GAD and the overall phenotypic and metabolic response of the plant to perturbations in the GABA shunt pathway.
Materials and Methods
Plant materials and growth conditions
The C x E populationThe diploid potato population (C x E) was obtained from a cross between two heterozygous diploid potato clones coded C and E. Clone C is a hybrid between Solanum 
phureja PI225696.1 and Solanum tuberosum dihaploid USW42. Clone E is the result of a cross between clone C and the S.vernei-S. tuberosum backcross clone VH34211. 
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This population has been of special use to study the inheritance and genetic mapping 
of traits related to tuber quality (i.e. tuber shape, tuber size, eye depth, flesh color, among others). The development and characteristics of the population and the parental lines are described in detail in (Celis-Gamboa, 2002). For each genotype, tubers were collected from three plants. Harvested tubers were either used for phenotypic analysis 
or mechanically peeled and immediately frozen in liquid nitrogen before being ground 
into fine powder and stored at −80°C. For metabolic analysis the ground powder of pooled tubers was processed according to the extraction protocol for GC-TOF-MS 
analysis described in (Carreno-Quintero et al., 2012). 
Plant material for transformation Single-node cuttings from the parental clone E (parent of the C x E population) were propagated in vitro in standard Murashige and Skoog medium (Duchefa) supplemented with 2% (w/v) sucrose. In vitro plants were grown in growth cabinets under light/dark period cycle of 8/16 h at 24oC. After two weeks, in vitro plants were transferred to soil and grown in 5L pots in the greenhouse under 16/8 h light/dark cycle. After 2 months plants were transferred to a greenhouse compartment with 12/12 h light/dark 
cycle in order to induce tuber production. Leave samples for metabolite profiling were 
harvested after 2 months, ground to powder in liquid nitrogen and stored at -80oC until further analysis. Tubers were harvested after ~4 months and they were ground into a 
fine powder and stored at -80oC until further analysis. 
Plasmid construction 
RNAi construct The potato GAD sequences were retrieved by blasting all the five identified Arabidopsis 
GAD gene sequences against the tuber potato genome sequence (Supplementary 
Table 1). The identified potato GAD sequences were screened for a target region for 
silencing that would cover all the identified sequences. However,  it was not possible 
to detect such a region. We then inspected the available RNAseq data available for the 
identified potato GAD sequences in the potato genome browser http://solanaceae.plantbiology.msu.edu/cgi-bin/gbrowse/potato/?reset=1. The gene sequence coded 
PGSC0003DMG200013331 showed expression in all tissues analysed by RNAseq and it was then selected as a template to design a region for silencing. Gateway technology was used for the construction of the GAD RNAi constructs. Silencing of potato GAD  was 
carried out by means of a 364-bp fragment. This fragment was PCR amplified from cDNA of the E-parent (clone 77.2102.37: Solanum tuberosum x Solanum verneii) using primers 5’- CACCGTGGAAATGGTGGATGA-3’ and 5’- TGAGAGTGAAAGTAGGTTG- 3’. The PCR 
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product was introduced into the pENTRTM /D-TOPO (Invitrogen) by means of the TOPO® Cloning reaction to create an entry clone containing the attL recombination sites. To transfer the potato GAD fragment into the binary destination vector: pK7GWIWG2, the lambda reconstruction (LR) recombination reaction was performed, using LR clonase 
II (Invitrogen). The final construct, designated pK7GWIWG2-13331 was generated, carrying the potato GAD gene fragment in sense and antisense orientation separated 
by an intron under control of the constitutive cauliflower mosaic virus 35S promotor. Restriction enzyme digestion was used to verify the recombinant construct. 
Overexpression constructThe cDNA of a gene encoding a GAD isolated from petunia (Petunia hybrida; (Baum 
et al., 1993)) was modified to obtain a mutant GAD lacking 27 amino acids at the C terminus as described by (Baum et al., 1993). The mutated petunia GAD (GAD∆C) gene was cloned into pENTRTM /D-TOPO (Invitrogen) by means of TOPO® Cloning reaction. The gene was then transferred from the pENTRTM /D-TOPO into the binary destination vector pk7WG2 (Karimi et al., 2002) using the LR clonase II (Invitrogen). Restriction enzyme digestion was used to verify the recombinant construct. 
Plant Transformation Internodal cuttings from in vitro grown plants of the parental clone E were used for transformation by Agrobacterium tumefaciens strain AGL0 according to (Heilersig et al., 2006). Kanamycin-resistant plants were selected and analysed for expression of the corresponding gene (i.e. potato GAD or petunia GAD∆C). Untransformed tissue culture plants were used as wild-type controls. 
Determination of chlorophyllsThe concentrations of chlorophylls a and b were determined using spectrophotometric analysis of extracts of 20 mg FW leaf material in 98% ethanol after suitable dilution, as described previously by (Keurentjes et al., 2008).  
Metabolite profiling Relative metabolite content was determined in a non-targeted way as described in 
(Weckwerth et al., 2004) with modifications specific to the potato material. This protocol 
allowed the identification of organic acids, amino acids, sugars and sugar alcohols in methanol extracts. The extraction, derivatization and data processing are described in 
detailed in (Carreno-Quintero et al., 2012). Briefly, metabolites were extracted from 
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the polar phase of 100 mg fresh weight (FW) of potato tuber powder or leaves with a single-phase solvent mixture of methanol:chloroform:water (2.5:1:1). Ribitol was used as a representative internal standard. Samples were dried by vacuum centrifugation 
before GC-TOF-MS analysis as described in (Carreno-Quintero et al., 2012).  Raw data were processed by ChromaTOF software 2.0 (Leco instrument) and MassLynx (Waters), and further analysis was performed using Metalign Software (Lommen, 2009). The mass spectra of the representative masses were subjected to tentative amino acid 
identification by matching to the NIST08, Golm and Wiley spectral libraries. Mass intensity values of the representative masses were normalized using the Fresh Weight of the samples. 
Results 
Co-localization of a GABA QTL with an eQTL for GAD
We previously reported mQTLs for GABA on chromosomes 1, 2 and 5 (Carreno-
Quintero et al., 2012). In the present study, expression profiles of the same potato 
material (Kloosterman et al., 2012) were used to perform a parallel eQTL analysis using the software package MetaNetwork (Keurentjes et al., 2006; Fu et al., 2007). 
Subsequently, QTL profiles were compared and overlapping mQTL and eQTL locations 
identified. This analysis revealed that the mQTL for GABA in chromosome 5 overlaps 
with a trans eQTL for GAD, suggesting a genetic link between a trans-acting factor that affects the regulation of GAD and GABA (Figure 1). Further details of the QTL mapping are presented in Supplementary Table 1. 
Figure 1. Co-localization of QTLs. A) The mQTL profile for GABA in chromosome 5 is shown in red. In 
blue the eQTL profile for glutamate decarboxylase. Vertical lines indicate chromosomal borders. Dotted line 
indicates the estimated QTL threshold. 
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Silencing of potato GAD leads to a strong reduction of GABA levels in leaves and 
tubers
In order to investigate the relationship between the activity of GAD and the consequences in the GABA levels, we generated plants with reduced or elevated GAD expression. Previous to the construction of the RNAi silencing vector for suppression of potato GAD 
expression, we compared the sequences of the genes encoding five different isoforms of GAD in Arabidopsis obtained from NCBI. These sequences were used in a BLAST search 
of the potato sequence database (http://yh.genomics.org.cn/potato/search.jsp). We 
identified six potato GAD sequences with high similarity to the Arabidopsis GAD genes 
(Supplementary Table 2). A phylogenetic analysis with the predicted protein sequences for GAD in Arabidopsis and potato was carried out to determine relationships between these proteins (Figure 2). A multiple amino acid sequence alignment was used to generate an unrooted phylogenetic tree using the neighbour-joining algorithm. In the phylogenetic 
analysis, amino acid sequences of the glutamate decarboxylase of rice (Oryza sativa) and petunia (Petunia hybrida) were also included. Arabidopsis At_GAD5, potato St_GAD_31042 and rice Os_GADp fell into the same subclade supported with a bootstrap value of 85/100. Another subclade grouped the Arabidopsis At_GAD1 and GAD4, the potato St_ GAD_02473 and the petunia Ph_GAD. Potato St_GAD_01287 and St_GAD_22764 fell into the same subclade (booststrap value =100/100) and this subclade also grouped with the Arabidopsis At_GAD2 and At_GAD3. The potato St_GAD_13331 and St_GAD_08446 represent single branches of the tree showing no strong relatedness to the other GADs.
Figure 2. Phylogenetic analysis of Arabidopsis, potato, rice and petunia GAD. Amino acid sequences of the five 
Arabidopsis GAD isoforms, the identified potato GADs, the rice GAD and Petunia GAD were aligned using the alignment tool of CLC-Workbench. The resulting alignment was used to construct a neighbour-joining tree. 
Bootstrapped values indicating the level of significance (%) by the separation of the branches are shown. The branch length indicates the extent of the difference according to the scale at the bottom.
In order to generate plants with biologically significant GAD gene silencing, we examined 
the RNAseq data generated as part of the potato genome sequencing project (PGSC, 2011). Among the analysed potato GAD sequences, we found a single locus that showed strong and consistent expression in all the analysed tissues (PGSC0003DMG200013331). This GAD 
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sequence, which will be referred to as St_GAD_13331 hereafter, was used to amplify a 364 nt long fragment using the E-parent of the C x E population. The PCR fragment was inserted into the Gateway pK7GWIWG2 silencing vector (see Materials and Methods) (Figure 3A).
A
B
Figure 3. Silencing of GAD expression in transgenic potato plants. (A) Diagram of the construct used to silence the potato GAD. Scheme of the potato GAD RNAi construct with the GAD fragment in sense and antisense 
orientation. CaMV 35S: 35S cauliflower mosaic virus promoter; T35S: terminator; attR1, attR2: recombination 
sites; CmR chloramphenicol resistance gene. (B) qPCR result of selected independent transgenic lines showing reduced expression of GAD. Total RNA of leaves was extracted and 250 ng of total RNA were reversed transcribed. 
The resulting cDNA was used as a template for qPCR analysis. 
The binary RNAi construct was transformed into potato plants of the E-parent potato clone using Agrobacterium tumefaciens-mediated transformation. A total of four independent RNAi transformants were selected on medium containing kanamycin. The independent 
transformants were analysed using qPCR to examine the degree of silencing. The relative 
GAD expression of four independent transformants did not vary substantially and was reduced by about 94% compared with the E-Parent (WT) (Figure 3B).Potato plants silenced for St_GAD_13331 developed normally both in vitro and in pots and no phenotypic changes were observed in the leaves, shoots or tubers. Although the transgenic 
plants seemed to be somewhat taller than the WT, significant differences were only found for gad_23 (P < 0.01) and gad_27 (P < 0.05) (Figure 4). There were no significant differences in the tuber weight of freshly harvested tubers (Supplementary Figure 1).
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Figure 4. 
Plant height of GAD-silenced 
transgenic potato lines and the 
wild type (WT). Asterisks denote 
statistically significant (two tailed Student’s t test) differences between the transgenic line and the wild type: * P< 0.05; ** P< 0.01.
To assess the overall metabolic response to the silencing, transgenic and WT plants were 
subjected to metabolite profiling using GC-TOF-MS analysis (Carreno-Quintero et al., 2012). The only metabolite that showed consistent change in the transgenic potato plants was GABA. Decreased levels of GABA were observed in the transgenic plants in both tubers and leaves (Figure 5A). A small but significant (P < 0.05) increase in the Glu level was detected in the tubers of the transformants gad_1, gad_23 and gad_27 (Figure 5B).
Figure 5. 
Metabolite changes in GAD 
silenced transgenic lines. A) Change in the GABA level in leaves and tubers of RNAi-transgenic lines relative to the wild type. B) Change in the glutamate level in tubers of transgenic lines relative to the wild type. Bars represent the average of three replicates. Error bars indicate the standard error. Asterisks denote 
statistically significant (two-tailed Student’s t test; P< 0.05) differences between gad lines and the wild type in glutamate content.
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Overexpression of GAD∆C results in enhanced GABA levels and changes in other 
amino acids, sugars and citrate In order to prevent possible deleterious effects arising from the overexpression of a potato GAD, a heterologous gene from petunia was used for overexpression. Potato plants expressing a truncated GAD version from  petunia, lacking the C-terminal 27 amino acids encoding the CaM domain (GAD∆C) (Arazi et al., 1995), were generated. 
Three independent transgenic events were selected and qPCR analysis showed that expression of GAD∆C in all three transformants was high (Figure 6).
Figure 6. 
GAD∆C overexpression in 
potato transformants. qPCR of selected independent transgenic lines with increased expression of GAD∆C. Total RNA of leaves was extracted and 250 ng of total RNA were reverse transcribed. The resulting cDNA was used 
as a template for qPCR analysis. Bars represent the average of three replicates +/- the standard error of the mean. 
The shoots of GAD∆C transformants were significantly (P< 0.001) shorter than the wild type (Figure 7A,C) and the young, developing leaves of GAD∆C plants were pale green and chlorotic (Figure 7A). The concentration of chlorophyll a in the leaves of the transgenic plants was between 23% and 54% less than in the wild-type control (Figure 
7D), while the ratio of Chl a/b did not change significantly (Table 1).To examine the effect of the overexpression of GAD∆C on tubers, the plants were grown 
in a greenhouse for 10 weeks under non-inductive long-day conditions. Subsequently, the plants were transferred to short-day conditions, in order to induce tuberization (Materials and Methods). One week before the plants were transferred to short-day conditions, GAD∆C plants started to show the first signs of swelling, whereas the control 
plants had already started swelling. After five weeks in short-day conditions the tubers were harvested. 
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Figure 7. Effect of GAD∆C overexpression in potato. A) Pictures showing a representative replicate grown for each transgenic and WT plant. B) Harvested tubers illustrate the difference in size between transgenic plants and WT. C) plant height; D) chlorophyll levels; E) average tuber weight. Bars represent the average of 3 replicates for the transformants and 5 for the WT. Error bars represent the standard error. Asterisks denote statistical differences (two tailed Student’s t test): * P< 0.05; ** P< 0.01; *** P< 0.001
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Tubers of GAD∆C were much smaller than the WT (Figure 7B), showing statistically 
significant lower average tuber weight for the transformants GAD∆C _18 and GAD∆C _28, with 9.6 and 10.3 g compared with 57 g in the wild type (Figure 7E). Overall, GAD∆C plants 
had more tuber initials that did not complete tuber filling.
Table 1. Chl a/b ratio in wild type and GAD∆C overexpressing potatoes. 
Chl a/b
WT 3.81
GAD∆C-12 4.07
GAD∆C-18 3.72
GAD∆C-28 3.40
In order to assess the effect of the overexpression of GAD∆C on GABA levels and additional 
metabolome-wide consequences, GC-TOF-MS-based metabolite profiling was performed. Figure 8 shows the changes in the metabolite content of leaves and tubers relative to the 
wild type. Only metabolites that show a significant change in the transformants compared to 
the wild type are shown. In leaves, the level of GABA was strongly increased, confirming the effect of the overexpression (Figure 8A). For most other metabolites the levels decreased, suggesting that the strong increase in GABA content competes with the levels of other (metabolically connected) metabolites. Not surprisingly, the deregulation of GAD also led 
to a significant decrease in the content of Glu, owing to the constitutive expression of the enzyme, which continuously converts Glu to GABA. Decreased levels were also measured in other amino acids such as Pro, which competes for Glu resources, and Ser and Asp. In contrast, the level of citrate was 3.5- to 7-fold higher in the transformants, suggesting that this compound may be a bottleneck in the pathway. The effect of the deregulation of GABA was also accompanied by a decrease in the levels of carbohydrates such as sucrose, and 
organic acids such as quinate and fumarate.In tubers, the changes in metabolites differed from those in the leaves, although also here the 
GABA levels in the transgenic plants were significantly increased (Figure 8B). In contrast, the contents of Glu, Gln and pyroglutamate (Pyro-glu) were reduced, while Ala and fructose, 
which did not show any significant change in the leaves, were significantly increased in the 
tubers. The highly significant (P < 0.001 ), around 20-fold, decrease in Glu in the tubers was even stronger than in the leaves (around 3-fold). Similarly affected were the levels of the biosynthetically related amino acid Gln, with an 8-fold decrease compared with the wild type, and Pyro-glu, with a 7- to 14-fold decrease. In contrast to what was observed in the 
leaves for sucrose, the expression of GAD∆C resulted in an increase in fructose in the tubers.
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A. Leaves
B. Tubers 
Figure 8 . Relative metabolite content in GAD∆C transformants and wild type (WT) plants. Relative content 
of free metabolites was measured in leaves (A) and tubers (B) as described in “Materials and Methods”. The bar graphs represent the fold change in metabolite levels relative to the WT. Only metabolites that show 
statistically significant (two-tailed Student’s t test) differences are shown. Bars represent averages of three 
replicates for transformants and five replicates for the WT. Error bars represent the standard error. Asterisks denote statistical differences: * P< 0.05; ** P< 0.01; *** P< 0.001.
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DiscussionPrevious studies have shown that the application of genetical genomics to traits segregating 
in experimental populations is a valuable approach to identify quantitative trait loci explaining the variation in metabolite abundance in non-targeted approaches (Keurentjes 
et al., 2006; Schauer et al., 2006; Carreno-Quintero et al., 2012). Intrinsic to large-scale 
QTL analysis are observations of hotspot regions harbouring loci regulating more than a single trait (i.e. pleotropic effect loci) (Keurentjes, 2009). Furthermore, the overview 
obtained with large scale QTL analysis is of value to pinpoint interesting traits with large 
effect QTLs. Using non-targeted metabolomics followed by large scale QTL mapping, we determined genomic regions responsible for the variation in primary metabolites in potato 
(Carreno-Quintero et al., 2012). The observed variation enabled us to locate a large effect 
QTL for the non-protein amino acid GABA on chromosome 5. This highly significant mQTL 
locates outside the major-effect quantitative trait locus for plant maturity, recognized for its pleiotropic effects on plant developmental-related traits, making it a more interesting candidate for the regulation of GABA levels in potato.
In a parallel QTL analysis, we used expression QTL data available for the same potato 
population (Kloosterman et al., 2012) to identify eQTLs in the same region as the large effect 
metabolic QTL for GABA. This analysis revealed an overlapping QTL between the mQTL for GABA and a trans-eQTL for the gene encoding the first enzyme of the GABA pathway: 
GLUTAMATE DECARBOXYLASE. This co-localization indicates a genetic link between GABA and the entry enzyme of the pathway, suggesting that variation in the transcript is associated with variation in the metabolite level. Although we were unable to identify 
the trans-acting factor influencing the expression of GAD, we decided to investigate the importance of the regulation of GABA levels by assessing the effect of genetic perturbations in the GAD gene. We show that the enhancement of the conversion of Glu to GABA is associated with abnormalities in plant growth and alterations in metabolite levels, while the suppression of GAD expression does not lead to visible morphological changes despite 
a significant decrease in GABA levels.
Expression of St_GAD_13331 is required for GABA production in tubers and leavesIn Arabidopsis, five different GAD genes have been identified (Shelp et al., 1999). At least 
two of these genes differ in their organ-specific expression, with GAD1 being expressed only in the root while GAD2 is expressed in all organs. By sequence comparison with the Arabidopsis genes, we identified six homologous potato GAD gene sequences. Using RNAi-mediated silencing, we disrupted St_GAD_13331, which was the only potato GAD 
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consistently expressed in all organs and tissues according to available RNAseq data (Potato 
Genome Browser). qPCR analysis confirmed the significant reduction in GAD expression 
in the transgenic plants, and metabolite profiling on leaves and tubers revealed a drastic reduction in GABA levels (Figure 5A). This finding suggests that although other isoforms of GAD are present in potato, they may be playing only a minor role in the conversion of Glu to GABA. Glu is pivotal for the assimilation of most of the inorganic nitrogen through the glutamine synthetase/glutamate synthase (GS/GOGAT) pathway. This amino acid can be synthetized and metabolized by a number of different pathways and it is the starting point for the synthesis of GABA and other important amino acids (Forde and Lea, 
2007). The results of the metabolite profiling revealed that the potato gad mutants did 
not have significant changes in the levels of Glu and this may be explained by the action of other pathways metabolizing Glu and minimizing the overall effect of the silencing of St_GAD_13331. Our results are in agreement with previous findings in knockout experiments in Arabidopsis, where the disruption of GAD1 led to a substantial decrease 
in GABA production in roots but no significant changes in Glu levels (Bouche et al., 2004). Also in the Arabidopsis gad1 knockouts, the disruption of GAD was not associated with any morphological or developmental abnormalities, just as in our potato GAD silenced transformants. One possible explanation could be that the phenotype of this mutation only becomes evident when the plants are exposed to environmental stresses. However, also when the Arabidopsis gad1 knockouts were exposed to heat stress the absence of an evident phenotype persisted, even though GABA accumulation in response to stress was prevented (Bouche et al., 2004). In the same study, Arabidopsis knockouts for another isoform of GAD (i.e. gad2) also exhibited a normal phenotype. These results could indicate that under normal conditions, low GABA levels are easily accommodated and do not have an obvious effect on plant morphology and development. A next logical step could be to investigate the effect of the disruption or suppression of all the GAD isoforms under normal conditions and different stresses. 
Deregulation of Glu to GABA conversion is associated with abnormalities in plant 
growthThe overexpression of a truncated GAD version from petunia has been associated with irregularities in plant growth in tobacco (Baum et al., 1996). Our ability to elicit high GABA-content potato transgenic plants, overexpressing the same deregulated petunia gene, indicates that these abnormalities in growth also occur in potato. In addition, and 
probably as a consequence of the abnormalities in development, the average tuber weight 
also showed a significant reduction compared with the WT. Perhaps not surprisingly, the 
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metabolic response of the high GABA transgenic plants was different in tubers and leaves, which indicates the differential metabolic regulation occurring in these organs. The main regulatory factors of the GABA shunt are calcium signalling, occurring in the cytosol, and redox state and energy charge in the mitochondria (Baum et al., 1996; Busch and Fromm, 1999). By overexpressing a deregulated GAD, lacking the calmoduling binding (CaM) domain, we disrupted the regulation of the pathway driven by calcium sensing and we enhanced the metabolization of Glu through the GABA shunt. In the leaves of the transgenic potato plants, which at the time of harvest were source organs, this deregulation resulted 
in an overall decrease in amino acid levels, sucrose, fumarate and quinate. Citrate behaved differently from this general trend, showing a substantial increase. The link between the GABA shunt and the TCA cycle is well known (Busch and Fromm, 1999; Studart-Guimaraes et al., 2007; Bunik and Fernie, 2009) and the effect of an increased level of citrate could 
be due to the fact that enhancing the production of GABA up-regulates the flow from the GABA shunt to the TCA cycle, apparently resulting in a bottleneck in the further conversion of citrate. Interestingly, citrate is another entry point to the TCA cycle from glycolysis, by the conversion of pyruvate to acetyl CoA, which is then converted to citrate by the action of citrate synthase (Figure 9). Our results also show that the level of fumarate, another TCA cycle intermediate, was decreased. However, without further evidence on the levels 
and fluxes of other intermediates, it is difficult to explain this decrease and the difference in response with citrate. Further steps to investigate this would be to study the activity of the enzymes catabolizing GABA in order to gain an insight into how much of the over-production of GABA is being metabolized.The decreases in Glu could be explained by the enhancement in the conversion of this amino acid to GABA which can also causes a decrease in the levels of Pro, which uses Glu 
as a precursor. The reduction in Asp, Ser, and quinate levels could perhaps be explained as 
a response to the increased flux through the TCA cycle, however, this remains to be further elucidated. The decrease in sucrose levels could indicate increased sucrose metabolism for 
allocation of carbon resources. However, significant changes in other products of sucrose metabolism such as glucose and fructose were not detected.In tubers, the metabolic response was slightly different. The over-accumulation of GABA led to the expected decrease in Glu, but in contrast to leaves, also in the Gln level. Gln and Glu are closely linked through the action of the GS/GOGAT enzymes. Our results suggest that the demand on the Glu pool by the constitutive activity of the truncated GAD induces 
the action of glutamate synthase (GS) to convert Gln to Glu. A significant decrease was also observed for Pyro-glu, which is a derivative of Glu. In the GABA shunt, Ala results from the transamination of GABA by the GABA-TP (GABA transaminase), which uses pyruvate as 
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amino acid acceptor and produces Ala (Figure 8). Our results show an increase in the levels of Ala, which suggests that GABA-TP can utilise the extra production of GABA to produce more Ala. The higher consumption of pyruvate may be responsible for the reduction in Ser that we found in the transgenic lines, as pyruvate is precursor for the production of this amino acid (Figure 9). The increase in fructose (in the tubers) and decrease in sucrose (in the shoots) could suggest that sucrose metabolism is activated, possibly to improve availability of precursor carbon through glycolysis, for example in the form of pyruvate.Previous studies using the same petunia GAD∆C overexpressed in seeds provided evidence for the role of GABA in seed maturation. In their study, Fait et al. demonstrated that the de-regulated conversion of Glu to GABA led to drastic alterations in the C - N balance in storage reserves during seed maturation, resulting in an increased N-to-C ratio (Fait et al., 2011). Their study supports previous views on the role of GABA in the C-N balance of plants (see (Bouche and Fromm, 2004) and references therein). Although in our study, the chlorotic phenotype of the leaves and the shorter morphology is consistent with the role of GABA in N metabolism, the explanation of this phenotype is somehow complicated by the fact that, if 
the suggested role of GABA as a readily accessible source of C and N is true, an N-deficiency phenotype would not be expected in plants with an overproduction of GABA. One possible explanation could be that GABA also functions as a signalling molecule and that high accumulation of this metabolite leads to a decrease in N uptake or N metabolism. That said, we cannot rule out the possibility that the observed morphological effects are indirect 
consequences of the de-regulation of the gene, leading to a stress phenotype. Further steps to investigate the effects of the deregulation would be to analyse in more detail the levels of sugars and starch, to examine carbon storage reserves. In the tubers, fewer metabolites were affected, probably indicating a milder effect of the GAD deregulation in these organs. 
An interesting finding was the high accumulation of Ala in the tubers, which has been 
reported to accumulate in plants in large quantities without harmful effects (Rocha et al., 2010).It is clear, however, that to make a link between the observed phenotype and the metabolic response, more evidence needs to be collected. For example, if the phenotype in the areal 
part of the plant is an actual N-deficiency phenotype, a simple way to test that would be to add extra N to the plants, which should recover the phenotype. Another possibility could be that the observed phenotype is an indirect response to the over-expression of the truncated 
GAD∆C. In this case, experiments with inducible promoters would help to determine the direct metabolic, morphological and developmental response of the transgenic plants.
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Figure 9. Summary of major metabolic changes in GAD∆C expressing potato. Metabolites with significant changes in either leaves or tubers or both are coloured in blue or red. Red represents higher levels compared with WT and blue lower levels. Dashed arrows indicates multi-step pathways. Gln: Glutamine; Glu: Glutamate; 
Pro: Proline; Ala: Alanine; Gly: Glycine; GHB: γ-hydroxybutyrate; SSA: Succinic semialdehyde; SuccA: Succinate; OOA: Oxaloacetate; 2-OG: 2-Oxoglutarate: AspFP: Aspartate family pathway; Ser: Serine; Cys: Cysteine; PEP: Phosphoenolpyruvate. Based on a scheme published by (Fait et al., 2011).Nevertheless, our results shed light on the regulatory role of GAD in potato, showing that potato can metabolically adjust to the suppression of St_GAD_13331 without major 
consequences for plant morphology, development and metabolome. Conversely, however, genetic disruption resulting in constitutive overexpression of GAD leads to dramatic changes in the metabolic status and morphology of the plant. 
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Supplementary Tables and Figures 
Supplementary Table 1. QTL descriptions. Metanetwork metabolic and  expression QTL results for (a)GABA 
and the (b) associated transcript to glutamate decarboxylase.  E-parent linkage map.  Significant QTLs are 
defined with a -10log(p) > 3.19 and FDR = 0.05. Only mQTL with explained variance (VarP2) above 13% 
were considered for further analysis Trait name: Metabolite identification or transcript. LG: linkage group 
(chromosome number). QTleft(cM): The centiMorgan (cM) position of left border of the QTL support interval. 
QTLpeak (cM): the cM position of the QTL peak. QTLright (cM): the cM of right border of the QTL support 
interval. Logp: the -10log(p) value of a QTL. VarP1: the percentage of qualitative variance explained by a QTL. 
VarP2: the percentage of quantitative variance explained by a QTL.a)
TraitName LG Marker QTLleft(cM)
QTLpeak
(cM) 
QTLright
(cM) logp
VarP1
(%)
VarP2
(%)
GABA 5 STM5148 27.536 31.127 36.5125 13.5 0 46.6b)
QTL_ID Gene name TIGR hit Marker
QTLleft
(cM)
QTLpeak
(cM) 
QTLright 
(cM) logp
VarP1
(%)
VarP2
(%)
16619
MICRO.2061.C1
glutamate 
decarboxylase 
isozyme 1 
[Nicotiana 
tabacum]
PotSNP90 27.536 28.455 36.5125 3.4 0 14.2
Supplementary Table 2. Accession and annotation numbers of the genes used for phylogenetic analysis.
Arabidopsis Accession number
At_GAD1p NM_121739 
At_GAD2p NM_001124084
At_GAD3p NM_126261
At_GAD4p NM_126262
At_GAD5p NM_001161149
Rice Accession number
Os_GADp AB056060.1
Petunia Accession number
Ph_GADp L16977.1 
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Potato Locus ID in Potato Genome Browser  
St_GAD_31042 PGSC0003DMG200031042
St_GAD_13331 PGSC0003DMG200013331
St_GAD_08446 PGSC0003DMG200008446
St_GAD_22764 PGSC0003DMG200022764
St_GAD_01287 PGSC0003DMG200001287
Supplementary Figure 1.
Tuber weight of transgenic potato 
lines. Average tuber weight in WT and RNAi silenced potato lines grown in 
greenhouse. No significant differences were observed between WT and transgenic lines.
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“And now here is my secret” said the fox, “ a very simple 
secret: It is only with the heart 
that one can see rightly; what 
is essential is invisible to the 
eye”  
Le Petit Prince
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Metabolomics Approaches in Crop Species Plant metabolites are diverse, their concentrations dynamic and they impact many physiological processes in plants. For years, plant scientists have studied how the 
chemical composition reflects the developmental stage of the plant and its interactions with the environment. Furthermore, the societal uses of plants as food crops, in medicine and other (industrial) applications are intimately linked with the chemical composition. The importance of plant metabolites has long been recognized and applications and methods for extraction have been explored since ancient times (Hall, 2011). Although throughout history we have been able to extract and identify individual plant metabolites, it is only recently that the developments in analytical chemistry have broadened our ability to characterize the biochemical composition of plants on a much larger scale. The advent of large-scale and high-throughput technologies presents plant scientists with new opportunities to assess plant metabolic changes across different physiological events. A major goal of plant metabolomics is, therefore, the unbiased assessment of the composition of the metabolites present in a tissue, organ or whole 
plant at a specific point in time (Hall, 2011; Carreno-Quintero et al., 2013). Technologies to achieve this have developed to a point where they are relatively cost effective, easy to apply and reasonably accessible to most laboratories. Initially, metabolomics was applied as a diagnostic tool to distinguish biological groups. Early studies in Arabidopsis and potato demonstrated the potential of this technology to discriminate between different Arabidopsis genotypes (Fiehn et al., 2000) and transgenic and wild type potato tubers (Roessner et al., 2001). Other studies highlighted the value of metabolomics approaches to investigate the plant metabolic response to a wide range of biotic and abiotic stresses (Kaplan et al., 2004; Suzuki et al., 2005; Urbanczyk-Wochniak and Fernie, 2005). While metabolomics approaches have been largely applied in Arabidopsis, a substantial number of studies have been carried out 
in crop species. Using metabolite profiling a diverse range of cereals, medicinal plants, 
Solanaceae, Brassicaceae and fruits have been metabolically characterized to evaluate diversity and stress response (see Chapter 2 and references therein). However, other 
potential benefits offered by the application of this technology have not yet been 
fully exploited. Metabolite profiling can be further extended to study phenotypes of 
quantitative nature and the interaction of genes and gene products (Koornneef et al., 2004). Previous studies in Arabidopsis have investigated the quantitative nature of plant metabolite accumulation, identifying genomic regions responsible for the observed variation (Kliebenstein et al., 2001; Keurentjes et al., 2006). Although less numerous, 
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this type of approach has also been applied in crop species. In tomato, for example, introgression lines of S. pennellii were profiled for metabolite content and QTLs 
explaining the variation of important primary metabolites were identified (Schauer et al., 2006). A major goal of these approaches in crop species, is to investigate predictive connections between phenotypes and metabolites, opening up the possibility of using biochemical phenotypes to inform breeding strategies (Fernie and Schauer, 2009). The work presented in this thesis describes the investigation of the genetic basis of primary metabolism and its relationship to the phenotype using a potato population. 
Untargeted metabolite profiling was carried out in individuals of this population and 
the genetic factors controlling the level of primary metabolites were identified (Chapter 
3). These results endorse the strategy to further investigate the metabolite variation of 
specific compound classes such as amino acids, comparing the outcomes of targeted and untargeted methods for measuring metabolites (Chapter 4). In addition, the metabolic 
QTLs identified served as a basis to investigate predictive associations between traits of agronomic importance and primary metabolites (Chapter 3). Finally, the untargeted 
metabolic QTL analysis facilitated the identification of a highly contributing QTL for accumulation of the non-protein amino acid GABA, directing the investigation towards a more detailed analysis of the importance of this metabolite in potato (Chapter 5). A scheme of the approach followed in this thesis is presented in Figure 1.
Figure 1. Flowchart of approach followed in this thesis.
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Metabolic Quantitative Trait Loci Analysis in Crop Species 
Combining large scale non-targeted metabolite profiling with linkage analysis enables 
the quantitative analysis of the variation in metabolite levels between species and 
within natural variants of a single species, allowing the identification of genetic factors underlying metabolite accumulation (Keurentjes, 2009). Observations from metabolic 
QTL analysis can also be used to investigate metabolite interactions and to infer previously unknown relationships between metabolites. Successful applications of this approach are found in studies in Arabidopsis (e.g. Rowe et al., 2008). In addition, the intricate density of interconnections between pathways that comprise the metabolic 
network, is very likely to be reflected in epistatic interactions among metabolic QTLs. In 
a recent review, the advantages of metabolic QTL studies to investigate genetic epistasis and to understand the contribution of gene duplication to plant metabolism were discussed (Kliebenstein, 2009). Currently, this type of studies are most feasible in model species where the availability of molecular and genetic data facilitates the validation of 
the findings. However, in addition to the work presented in this thesis, crops species like tomato and maize, with an increasing availability of genetic resources, should soon follow.
To date, considerable information has been gathered from metabolic QTL analysis in crops like tomato, potato, wheat and maize (see Chapter 2 and references therein). By far the best characterized crop system is tomato (Klee, 2010; Fernie and Keurentjes, 2011), where a number of studies have been conducted to investigate fruit volatile 
compounds (Tieman et al., 2006) and important metabolites for fruit quality (Schauer et al., 2006). These studies not only have revealed the diversity within populations at the metabolic and genetic level but they have also demonstrated that the incorporation 
of metabolite profiling into genetic analysis can provide valuable insights to direct breeding strategies towards improved nutritional value and enhanced levels of certain metabolites ((Fernie and Schauer, 2009), see Chapter 2 and references therein). In potato, genetic analysis of metabolite accumulation has focused on just a few metabolites, analysed using targeted methods. Studies have reported genomic regions 
involved in the carotenoid pathway (Wolters et al., 2010) and metabolic QTLs have been 
reported for important amino acids related to tuber quality traits (Werij et al., 2007; Kloosterman et al., 2010). Primary metabolites, consisting mainly of carbohydrates, amino acids, and organic acids, have an essential role in plant growth and development. In potato, carbohydrates are important for a number of agronomic traits related to 
tuber quality, such as starch content and cold sweetening. In our study, we embarked on 
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the investigation of the variation and content in primary metabolites using untargeted 
GC-TOF-MS-based metabolite profiling. Large-scale genetic analysis revealed that for 
72% of the detected metabolites significant QTLs could be assigned (Chapter 3). Our 
analysis revealed an uneven distribution of metabolic QTLs with a single genomic 
region accounting for the highest density of detected mQTLs. This region is known to be involved in plant maturity (van Eck and Jacobsen, 1996; Collins et al., 1999; Oberhagemann et al., 1999; Kloosterman et al., 2013) and as such exerts many pleiotropic effects on development-related traits. Products of primary metabolism are expected to 
influence the degree of plant maturity and vice versa. It is, therefore, not surprising that a large number of metabolic traits show an association with the plant maturity 
region. Nonetheless, a substantial number of mQTLs for amino acids, organic acids and 
carbohydrates were identified outside this region, highlighting the importance of other 
genomic regions in the regulation of primary metabolite accumulation. This finding was 
confirmed in a more extensive QTL analysis on amino acid accumulation (Chapter 4). Amino acids are important precursors for a wide range of metabolites essential for plant growth and performance. In crop species, the analysis of amino acid content has been 
instrumental for the evaluation of nutritional properties, taste and flavour. Throughout modern history, different methodologies have been developed for the extraction, derivatization and chromatographic separation of amino acids in biological samples. 
Targeted methods are indeed more accurate and directly provide quantification of amino acids. It is expected that more accurate measurements of amino acid variation in mapping populations will contribute to the power of the analyses, facilitating the detection of genomic regions responsible for the observed variation. In chapter 4, we investigated the genetic basis of amino acid accumulation using three different analytical platforms 
to compare the technical impact on QTL detection. Previous studies on the same potato 
population used traditional QTL analysis of amino acid measurements performed with targeted methods (Werij et al., 2007; Kloosterman et al., 2010). In my thesis, I used a 
multi-environment QTL analysis of amino acid measurements, where “environments” 
are defined as the different analytical platforms – two targeted ( UPLC-MS/MS and BioChrom Amino Acid Analyser)  and one untargeted (GC-TOF-MS) - to compare the 
effect of different quantification methods for the detection of genetic variation. Although 
most QTLs identified in the above-mentioned studies were confirmed (Kloosterman et 
al., 2010; Werij et al., 2007), for some amino acids, e.g. Tyr, QTLs could not be detected, 
possibly because of the differences in the algorithms employed for the QTL analysis. 
However, our results show that the number and strength of detected QTLs with either 
methodology was comparable and that all the major QTLs could be robustly identified. 
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Therefore, even though differences, inherent to the extraction, derivatization and 
detection protocols, in the three analytical platforms used can influence the recovery 
and quantification of amino acids, they do not hamper the reliable detection of the causal genetic factors. Our results suggest that, when investigating the genetic factors underlying amino acid variation, the preferred method of detection (considering the three platforms that we used) can be selected based on other relevant considerations 
related to the specific biological question or the analytical platform that is available.   
While metabolic QTL analysis is a powerful tool to investigate the genetic basis of natural variation (Koornneef et al., 2004), it provides very little information about the regulatory mechanisms underlying the observed variation. A next logical step would be to clone 
the QTLs to identify the causal sequence diversity (Fernie and Keurentjes, 2011)4 but this is a lengthy process. Another, sometimes faster, approach is the examination of 
candidate genes within the QTL region, for which a priori knowledge of the biochemical pathways can assist in the selection of key candidates that are functionally related to 
the trait. In potato, the identification of the genetic basis of metabolic QTLs is somewhat hampered by the paucity of metabolic genes annotated. Nevertheless, in chapter 4 we performed an in silico analysis using gene annotation available for the recently released 
potato genome sequence (PGSC, 2011) to find candidate genes for the detected amino 
acid QTLs. At least one candidate gene was found for 14 of the 22 amino acid QTLs. For example, a candidate gene encoding the enzyme glutamate decarboxylase was 
identified for the highly contributing QTL for Glu. The identification of these genes can be used to explore polymorphisms leading to allelic differences that may be causal 
for the variation in the trait. However, the large size of the QTL intervals at this stage 
makes it difficult to assign the causal polymorphism and the tools for the subsequent 
experimental analysis for true confirmation, such as complementation, require the development of more tools and resources in crop species (Fernie and Keurentjes, 2011). 
Further steps in elucidating the QTLs identified using metabolomics approaches are 
likely to benefit from an improved annotation of the potato genes. This will eventually 
help to narrow down the causal region for the QTLs in question. 
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Investigating Associations between Metabolites and Phenotypes: 
Genetic correlations and Multivariate Analysis 
In addition to the elucidation of genetic variation in the metabolome, the quantitative analysis of metabolic traits provides an opportunity to investigate genetic links with phenotypic traits. The inspection of co-segregation can facilitate the inference of genetically informed links between metabolic and phenotypic traits. In a previous study in Arabidopsis, analysis of QTL coincidence helped to obtain insights into the genetic 
factors controlling biomass and metabolic profiles (Lisec et al., 2008), and the results suggested there is a strong link between plant growth and primary metabolism. A slightly different approach was followed in tomato to investigate links between primary metabolites and morphological traits important for crop breeding. The evaluation of 
collocating QTLs together with network analysis revealed harvest index as regulator of metabolite content, which has important implications for the targeted manipulation of metabolites (Schauer et al., 2006).In chapter 3 of this thesis, available morphological data for two independent harvests permitted the investigation of the level of co-regulation between metabolites, starch and cold-sweetening related traits in potato. Levels of reducing sugars and amino acids are crucial in the determination of these traits and thus, a survey of primary metabolites 
is expected to result in associations. Indeed the analysis resulted in the identification 
of a number of significant QTL co-localizations, some of which were reproducibly 
identified across two harvest years. The detection of QTLs in independent harvests suggests strong and robust genetic control and, in this case, provides evidence for the 
co-regulation of the two traits. One such co-localization was found for a QTL for the degree of phosphorylation of starch and a number of amino acids and organic acids. 
Although QTL co-localizations suggest genetic correlations, they should be interpreted with caution as the limited genetic resolution of experimental mapping populations 
might not allow the separation of closely linked independent QTLs. The application 
of permutation tests can assist in the determination of statistically significant QTL coincidence. However, careful inspection of the detected associations is necessary to 
evaluate the biological relevance of the findings. Previous studies in Arabidopsis have 
also used QTL co-localizations to investigate links between biomass and metabolites (Meyer et al., 2007; Lisec et al., 2008). The results of these studies demonstrate that 
genetic correlations inferred from QTL co-localization are of value to investigate the relationship between groups of metabolites and important agricultural traits. 
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Another alternative to investigate associations between traits involves the application of multivariate analysis of phenotypic and metabolic trait data sets. Multivariate analysis for prediction of associations between metabolites and phenotypic traits have been successfully applied in studies in Arabidopsis (Meyer et al., 2007) and potato (Meyer et 
al., 2007; Acharjee et al., 2011). These approaches allow the identification of metabolites that are highly correlated with the trait of interest (e.g. starch phosphorylation) and 
combined with the results of QTL co-localization provide another line of evidence to validate a detected association. In chapter 3, we applied Random Forest (RF) regression 
analysis and permutation tests to find metabolites highly associated with starch 
phosphorylation. Our results reveal that amino acids such as β-Ala, GABA, Asp, Gly, some 
organic acids and a number of unknown compounds were significantly associated with starch phosphorylation and interestingly, the majority of those associated compounds 
also have co-localizing QTLs. A strong association could be scrutinised in independent different lines, not used for the mapping study. We, therefore, applied the RF procedure on a subset of potato cultivars available in our laboratory. The comparison of the results 
for the potato cultivars and the mapping population showed that β-Ala was significantly 
associated with starch phosphorylation in both resources. In addition, β-Ala also 
presented a co-localizing QTL in the mapping population. Starch phosphorylation is 
a measure of the content of phosphate groups in starch which influences the starch 
degradation process. β-Ala constitutes an important part in the biosynthesis of vitamine B5 (pantothenate) and supports CoA biosynthesis, which is an essential intermediate in many central metabolic processes. Although a direct link between the content of 
phosphate groups and β-ala has not been reported before, it is possible that this amino acid is indicative of the activation of the starch degradation processes, which is related 
to mobilization of resources. The verification of this hypothesis will require further experimental evidence.Inferring associations between classical physiological traits and the high dimension data 
sets of simultaneous surveys of metabolites requires sophisticated tools and careful interpretation of the results. However, the current analysis tools and the incorporation of genetic analysis into metabolomics have broadened our capabilities to investigate the intimate link between plant metabolism and physiology.
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Investigating metabolic QTLs: A Specific Approach Large-scale genetic analysis of broad-spectrum metabolomics facilitates the detection of 
genomic regions with a high density of QTLs (i.e hotspots), which are of special interest as they may harbour master regulators (Keurentjes et al., 2007; Neto et al., 2012). Such 
regions were observed for metabolite accumulation QTLs in potato tubers (Chapter 
3). Although a high number of QTLs were identified in the QTL hotspot of chromosome 
five, a substantial number of mQTLs for amino acids, organic acids and carbohydrates 
were also mapped outside this region. Among these, one of the most highly significant 
mQTLs was identified for the non-protein amino acid GABA. Gene expression analysis data can reveal genes that are functionally linked to a trait, facilitating the elucidation 
of regulatory mechanisms underlying the mQTL. Available eQTL data for the potato 
population we used (Kloosterman et al., 2012) permitted the examination of mQTL 
coincidence with expression QTLs of genes that are functionally related to the GABA 
pathway. This analysis showed a co-localizing eQTL for the first enzyme in the pathway: 
glutamate decarboxylase (GAD) with one of the GABA mQTLs (Chapter 5). GABA accumulation has been reported for different stress conditions, however, its primary metabolic role has not been clearly elucidated. Previous studies have reported on the regulatory role of GAD demonstrating that the GAD-mediated conversion of glutamate to GABA plays an important role in the regulation of plant growth (Baum et al., 1993) 
and seed development (Fait et al., 2011). Although GABA was first discovered in potato, further research on the metabolic relevance of this amino acid has not been reported 
and very little is known about GAD and its regulation in potato. Our findings on the co-
localization of the mQTL for GABA and the eQTL for glutamate decarboxylase stimulated 
further examination of this association. To take a specific approach to analysing the role of GAD in potato we investigated the effects of genetic de-regulation of the activity of the enzyme on the developmental and biochemical phenotype (i.e. metabotype) of the plant. From plant sources, Petunia hybrida has been used to purify GAD and clone the encoding gene (Baum et al., 1993). To investigate the regulatory role of GAD in potato, we generated transgenic potato plants that were either harbouring an RNAi silencing construct for a potato GAD gene or overexpressing a truncated, deregulated, form of GAD from Petunia 
hybrida. Our results show that the suppression of the GAD from potato lead to a significant decrease in GABA levels in shoots and tubers, but do nevertheless not have any obvious effect on the morphological phenotype of the transformants. Previous studies with 
Arabidopsis mutants, where transgenic plants with disruptions in GAD1 were evaluated, also showed a substantial decrease in the production of GABA but no obviously different morphological phenotype. Taken together these results suggest that low levels of GABA 
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can be metabolically adjusted, perhaps through alternative pathways, and this does not lead to obvious changes in the phenotype of the plant.In contrast, the overexpression of the de-regulated version of GAD (GAD∆C) resulted in transgenic plants displaying abnormalities in growth in shoots and tubers. The observed 
phenotype of the aerial parts of the transgenic plants is consistent with an N-deficiency phenotype (leaf chlorosis), which is in agreement with the suggested role of GABA in N 
metabolism. In addition, significant metabolic changes occurred up- and down-stream of the enzyme and differed in leaves and tubers, indicating different regulatory processes occurring in these organs. However, the observed metabolic changes do not provide 
enough evidence to unequivocally support the diagnosis of a N deficiency phenotype. Moreover, the explanation of this phenotype is complicated by the fact that if the 
suggested role of GABA as a readily accessible source of C and N is true, a N-deficiency phenotype would not have been expected in plants with an overproduction of GABA. One possible explanation could be that GABA also functions as signalling molecule and that a large accumulation of this metabolite leads to a decrease in N uptake or N metabolism. However, we cannot rule out the possibility that the observed morphological effects are 
indirect consequences of the de-regulation of the gene, leading to a stress phenotype. Further steps to investigate this would be to regulate the expression of the truncated gene using an inducible promoter system, which would help to monitor the direct phenotypic changes caused by the de-regulation of the gene. In addition, experiments to investigate 
the flux through the GABA shunt using 13C-labeled substrates would help to determine the 
metabolic fate of carbon flowing into the TCA cycle through the GABA shunt.Another explanation for the observed phenotype could be that although GABA is being 
produced in large quantities, the enzymes downstream of the pathway are not catabolizing the amounts produced. In plant cells, GABA is generally metabolized to succinate and 
then flows back into the TCA cycle (Bouche and Fromm, 2004). In our study, although measurements on the activity of the enzymes will help to clarify this point, the increase in levels of citrate observed in leaves suggest that GABA is being catabolized and citrate acts as the bottleneck in the pathway. However, other conserved metabolite changes such as 
the decrease in quinate are less easy to explain and the lack of concerted changes in levels 
of other metabolites and TCA intermediates suggest that metabolite profiles alone are not diagnostic for the changes in metabolism resulting from the Glu-GABA de-regulation. Potato tubers are storage organs that shift from sink to source organ and, as was reported in chapter 3 and chapter 4, GABA, together with Asn, Gln and Glu which are involved in N metabolism, is one of the most abundant amino acids in the dormant tuber. An interesting 
156
general discussionChapter 6
157
6
possibility would be to investigate the role of GABA in the transition of sink to source organ, monitoring interactions between storage reserves and the activity of the GABA pathway.While the observations in this study have important implications for the understanding of the regulatory role of GAD in potato, suggesting that a normal Glu-GABA conversion is 
required for normal plant development, further experimentation is required before we can postulate on the metabolic relevance of GABA in potato.
Conclusions and Further ConsiderationsMetabolomics has become an instrumental approach in plant research. However, and 
although the improvements in analytical platforms have significantly advanced, a full realization of this technology is still constrained by multiple factors. The diversity and complexity of the plant metabolome is so vast that full coverage of the entire metabolome in a high throughput manner is unlikely to be developed in the near future. The technology still faces major challenges related to the dynamic range for accurate 
quantification, metabolite annotation and limited temporal and spatial resolution. A concerted interdisciplinary effort is absolutely essential to solve the technical and data-analysis challenges inherent to the application of this technology.Although early applications of metabolomics were largely employed in model species, this approach was rapidly adopted in crop species (see Chapter 2). Furthermore, the use of natural variation in combination with genetic analysis has proven its value to gain further understanding of the genetic basis of metabolite accumulation. The work described in this thesis shows how the application of this approach enabled the investigation of important aspects related to the genetic regulation of metabolism and its interaction with the phenotype in a segregating potato population. We examined genetic correlations between phenotypic and metabolic traits through the evaluation of 
shared QTLs. However, it was expected that the investigation of QTL coincidence would reveal many more associations between agronomically important traits and metabolites (Chapter 3). It can be argued that factors such as the high level of heterozygosity of this population, the number of alleles segregating and the lack of genetic resolution 
imposed complications for the identification of such associations. In this respect, the use of experimental populations such as RILs and ILs available for other model (e.g. 
Arabidopsis) and crop (e.g. tomato) species would facilitate a more detailed genetic 
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analysis of these findings. Although the genetic complexity of the potato population used in our study hampered further genetic analysis, the application of this approach showed to be instrumental in generating hypotheses about functional relationships between metabolites and phenotypes (Chapter 3). 
Observations from the combination of metabolite profiling and genetic analysis can be further extended to crop breeding. The ability to investigate the genetic factors 
of a broader range of metabolites facilitates the identification of important sources of allelic variance for crop breeding and metabolic engineering (Fernie and Schauer, 2009) (e.g. Chapter 3 and Chapter 4). However, before the outcomes of this approach can be integrated appropriately into breeding strategies, knowledge on basic genetic parameters such as heritability and allelic dominance need to be thoroughly understood (Kliebenstein, 2009). Another important aspect to consider is the evaluation of 
Genotype by Environment interactions. The stability of the metabolic QTLs across multiple harvests and the discrimination of genotype and environmental effects need to be assessed across multiple harvests (Fernie and Schauer, 2009; Fernie and Klee, 2011). In crop species, although few and mainly in tomato, some examples report on multi-harvest studies where the investigation of the mode of inheritance of metabolic 
QTLs revealed that the heritability of the analysed metabolic traits is in general low (as in Arabidopsis (Rowe et al., 2008)) and differs among classes of metabolites (Schauer et al., 2008).Recently, the potential of association mapping (reviewed in (Borevitz and Nordborg, 2003; Flint-Garcia et al., 2003)) as a complementary strategy to linkage mapping for identifying and mapping loci is being explored in Arabidopsis and many other plant species. Some examples of metabolomics-based association mapping approaches have been applied in maize demonstrating the power of the approach to identify genetic associations with metabolite levels (Riedelsheimer et al., 2012; Riedelsheimer et al., 2012).
While metabolic profiling can provide valuable information about the biochemical phenotype, the integration with other post-genomic tools (e.g. transcriptomics, 
proteomics) can certainly increase the relevance of the findings. The purpose, in this context, is not only to gather information of different molecular levels, but to understand their functions and interactions to gain functional understanding of phenotypes (Fiehn et al., 2000; Bino et al., 2004). Successful applications of integration methods have 
resulted in the identification of candidate genes and further dissection of different physiological processes (see Chapter 2). However, it is important to note that these 
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profiling techniques are vastly data driven and the resulting data sets are typically of high dimensionality, containing noise and multi-colinearity that may hinder the extraction of valuable information and will affect biological conclusions (Bylesjö et al., 2009). It is, therefore, of crucial importance that a careful consideration of the experimental design and the analytical tools to be used in the system under study is taken. Sophisticated multivariate analysis tools are already available to integrate multiple data sets (Bylesjö et al., 2007) and their application is species independent.Potato is recognized for its complex genetic architecture, which complicates the 
elucidation of the genetic factors underlying quantitative traits. Great research efforts 
have been made to circumvent this difficulty, resulting in the application of tools that will likely accelerate our knowledge on the physiology of the crop. The different research chapters presented here are part of the efforts directed towards the understanding of 
the underlying network of metabolism in potato. We detected new QTLs for primary metabolites (Chapter 3 and Chapter 4), some of which show co-localization with starch and cold-sweetening related traits (Chapter 3). Furthermore, the recent release of the 
potato genome sequence allowed us to investigate QTL regions for the presence of key candidate genes involved in amino acid biosynthetic pathways (Chapter 4). Finally, co-
localizations between eQTLs and one of the most highly contributing mQTLs (i.e. GABA) 
guided a pathway specific approach that helped us to gain insights into the involvement of GABA in plant growth in potato (Chapter 5).Our results indicate that this population can be used to investigate physiological and 
genetic aspects related to primary metabolism using both large-scale and specific approaches. However, the analysis of the collected data sets is still in its infancy and although they are likely to provide valuable information for breeding strategies, broader 
tests and confirmation experiments will be required. In this respect the recent release of 
the potato genome sequence (PGSC, 2011) is highly likely to facilitate these approaches, accelerating inferences at the molecular and phenotypic level.
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Primary metabolism is - by definition - essential for plant growth and survival and it is therefore involved in all physiological processes of the plant. In the past years the advancements in large-scale and high-throughput technologies have enhanced our ability to characterize the plant metabolome. The development of methods for the simultaneous analysis of many different plant metabolites and the necessary software 
for subsequent data analysis have further expanded the possibilities to investigate plant responses from a system-oriented perspective. Alongside, the availability of improved 
methods for the analysis of quantitative variation in plant traits has facilitated the 
integration of post-genomics approaches and quantitative genetics. This allows the comparison of genetic and phenotypic variation at different molecular levels, enabling 
us to find associations between genotype and phenotype and their intermediate levels of information transduction.Metabolomics has become increasingly important for the characterization of the metabolic status of plants under different environmental and genetic perturbations. Although the application of this methodology has been largely explored in the model plant Arabidopsis, a substantial number of studies have also adopted metabolomics 
approaches in crop species. These studies have identified qualitative and quantitative variation in metabolic content in various species and through genetic mapping approaches this variation has been linked to genetic factors. Chapter 2 of this thesis describes the impact of metabolomics in plant research with special emphasis on agriculturally important crops. Furthermore, using examples of recent studies in crop species, this chapter illustrates the value of combining parallel assessments of metabolic and phenotypic diversity with genetic information to gradually increase our understanding of the genetic basis of complex traits and how metabolite variation may be linked to phenotypic variation.The economic importance of potato and the increasing availability of genetic and molecular resources have stimulated research on many different aspects of the physiology of this crop and the regulation of complex traits. Non-targeted metabolite 
profiling in potato has been mostly used as a diagnostic tool to investigate the phytochemical diversity of potato cultivars and landraces, and to monitor metabolic 
changes in key stages of development or following genetic modification and environmental perturbation. However, the utility of this technology can also be extended to mapping populations to explore the genetic factors underlying metabolite variation. The genetic variation present in related individuals can be exploited to locate genomic regions responsible for the observed variation. In chapter 3 we used a heterozygous diploid potato population to investigate the genetic basis of the variation in primary 
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metabolite levels using GC-TOF-MS-based metabolite profiling. Subsequent metabolic 
QTL analysis allowed the identification of genomic regions associated with metabolite variation. Furthermore, to gain a better insight into the relationships between metabolic and classical phenotypic traits, a combined analysis of genetic information was used by 
examining quantitative trait locus coincidence and the application of statistical learning methods. This analysis provided information about, so far unknown, links between 
metabolites and agronomically important traits, such as for example between β-alanine and starch phosphorylation.Non-targeted metabolomics approaches have developed into robust technologies that detect as many metabolites as possible in a single run. However, accuracy of the method is compromised in favour of a wider range of detected compounds. Targeted methods, on the other hand, are limited to a handful of compounds but are recognized for the precise 
and accurate quantification of metabolites. Amino acid analysis has been an essential part of analytical chemistry and different targeted methodologies have been developed 
for quantification. As mentioned above, the application of these methodologies to mapping populations can provide insights into the genetic factors underlying amino acid variation. In chapter 4 of this thesis we used the same diploid potato population (C x E) as in chapter 3 and we were able to measure amino acid variation using two 
different targeted methods in addition to the non-targeted GC-TOF-MS profiling. We 
then investigated differences in the number and significance of the QTLs detected using data derived from the three different analytical platforms. Moreover, the recent 
release of the potato genome sequence allowed us to explore the identified genomic regions for the presence of obvious candidate genes, known to be involved in amino 
acid biosynthesis pathways. This analysis resulted in the identification of at least one 
candidate gene for the majority of the detected amino acid QTLs. In chapter 5 one of the metabolic QTLs identified in chapter 3 was further explored, 
focusing on a highly contributing metabolic QTL detected for the non-protein amino 
acid γ-aminobutyric acid (GABA). Further analysis of genomic regions for transcription 
profiling data, available for the diploid potato population, permitted the identification 
of an eQTL for glutamate decarboxylase (GAD), which is the first enzyme of the GABA 
pathway, co-localizing with the mQTL for GABA. This finding and the myriad of physiological responses that GABA is involved in, directed our research towards the investigation of the metabolic relevance of GABA in potato. For this, the regulatory role of GAD was assessed by examining the effect of genetic alterations in the corresponding gene. This approach revealed that the suppression of GAD transcription does not have 
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an obvious effect on the morphological phenotype of the plants, although GABA levels were substantially decreased. In contrast, the overexpression of a de-regulated version of GAD (GAD∆C) resulted in abnormalities in growth and significant changes in the levels of amino acids, carbohydrates and organic acids. Although these results shed some light on the regulatory role of GAD, further research is needed to clearly understand the metabolic role of GABA in potato. Finally, the work presented in this thesis is discussed in chapter 6. This chapter 
includes a discussion on the implications of our findings for potato research and 
breeding. Metabolite profiling has advanced to a point where it can provide valuable information on chemical composition and functioning. However, further applications of this technology have not been fully exploited yet. In chapter 6 I discuss some of the advance applications of this technology illustrated with examples of the work presented in this thesis. These include multidisciplinary and integrative approaches using the full spectrum of omic technologies. Although the application of metabolomics 
in crop species has significantly increased in the past decade, the growing availability 
of genome sequences, protein and compound libraries should increase our possibilities of a more comprehensive understanding of the plant metabolome and hence the plant phenotype.
166
Summary
Samenvatting
168
SamenvattingSamenvatting
169
Het primaire metabolisme is – per definitie – essentieel voor de groei en overleving van planten en het is daarom een belangrijk deel van alle fysiologische processen. De ontwikkeling van grootschalige technieken in de afgelopen jaren hebben ons vermogen vergroot om het metaboloom, het totaal van alle inhoudsstoffen, van de plant te karakteriseren. De ontwikkeling van methodes om een simultane analyse van verscheidene metabolieten in planten uit te voeren en de noodzakelijke software voor de hiernavolgende data-analyse is steeds verder uitgebreid, wat de mogelijkheid biedt om onderzoek uit te voeren naar de reacties van planten vanuit een systeem georiënteerd perspectief. Daarnaast is door de beschikbaarheid van verbeterde methodes voor de analyse van kwantitatieve variatie van planteneigenschappen het gemakkelijker geworden om post-genomische en kwantitatieve genetica te integreren. Dit stelt ons in staat om de vergelijking tussen genetische en fenotypische variatie op verschillende moleculaire niveaus uit te voeren, waardoor het mogelijk is om associaties tussen genotype en fenotype en hun tussenliggende niveaus van informatieoverdracht te herleiden. Metabolomics is steeds belangrijker geworden in de karakterisering van de metabolische status van planten onder verschillende omgevings- en genetische verstoringen. Ondanks dat de toepassing van deze methodiek zich lang heeft beperkt tot de analyse van Arabidopsis (de modelplant), hebben een wezenlijk aantal studies de technologie ook toegepast in verscheidene gewassoorten. Deze studies hebben kwantitatieve en kwalitatieve variatie in inhoudsstoffen van verschillende soorten 
geïdentificeerd en gelinkt aan genetische kenmerken. 
Hoofdstuk 2 van dit proefschrift beschrijft de impact van metabolomics in onderzoek van planten met speciale nadruk op de belangrijke landbouwgewassen. Door het gebruik van voorbeelden uit recente studies naar gewassoorten illustreert dit hoofdstuk het belang van het combineren van  metabolische en fenotypische diversiteit met genetische informatie om ons begrip van de genetische basis van complexe eigenschappen en de koppeling van metabolische aan fenotypische variatie te vergroten. De economische betekenis van aardappel en de toenemende beschikbaarheid van genetische en moleculaire methodes hebben onderzoek naar verschillende aspecten van de fysiologie van dit gewas en de regulatie van complexe kenmerken hiervan gestimuleerd. 
Ongerichte profilering van inhoudsstoffen in de aardappel is voornamelijk gebruikt als diagnostische methode om de fyto-chemische diversiteit van aardappelrassen aan te tonen en om de metabolische veranderingen in belangrijke ontwikkelingsfasen of als gevolg van genetische of omgevingsverstoring te monitoren. De toepassing van deze technologie blijkt zich echter ook uit te breiden tot het karakteriseren van populatievariatie door genetische factoren en onderliggende metabolische variatie. 
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De genetische variatie in verwante individuen kan vervolgens worden gebruikt om de genomische regio’s te lokaliseren die verantwoordelijk zijn voor de waargenomen metabole variatie. In hoofdstuk 3  is een heterozygoot diploïde aardappelpopulatie gebruikt om de genetische basis van de variatie in primaire metabolieten aan te tonen, waarbij we 
gebruik gemaakt hebben van profilering op basis van GC-TOF-MS. De daaropvolgende 
metabolische QTL analyse identificeerde aan metabolische variatie geassocieerde genetische regio’s. Om een beter beeld te krijgen van de relaties tussen metabolische en klassieke fenotypische kenmerken werd er gebruik gemaakt van een gecombineerde 
analyse van genetische informatie van de coïncidentie in QTL en toepassingen van statistische methodes. Deze analyse verschafte informatie over tot nu toe onbekende links tussen metabolieten en belangrijke agrarische kenmerken, zoals bijvoorbeeld 
tussen β-alanine en zetmeel fosforylering. De nauwkeurigheid van deze methode staat echter onder druk door de brede detectie van het grote aantal verbindingen. De meer 
specifieke methodes zijn gelimiteerd tot een beperkt aantal verbindingen maar kunnen 
wel preciezer en accurater metabolieten detecteren en kwantificeren. De analyse van aminozuren zijn altijd een essentieel deel van de analytische scheikunde geweest en 
verschillende methodieken zijn ontwikkeld voor hun kwantificatie. Zoals al eerder genoemd kan de toepassing van deze methodes om populaties te karakteriseren helpen om meer inzicht te verschaffen in de genetische factoren die onder variatie in aminozuren liggen. In hoofdstuk 4 van dit proefschrift hebben we gebruik gemaakt van dezelfde diploïde aardappel populatie (C * E) als in hoofdstuk 3, en hebben we de variatie aan aminozuren 
aan kunnen tonen door het gebruik van twee verschillende specifieke methodes 
aangevuld met een aspecifieke “GC-TOF-MS profilering”. Hierna onderzochten we de 
verschillen in aantal en significantie van de QTLs,  gedetecteerd met behulp van data 
afkomstig van de drie verschillende analytische methodes. Door de recente publicatie 
van de genoomsequentie van aardappel was het mogelijk om de geïdentificeerde genomische regio’s te onderzoeken op aanwezige kandidaat genen, welke van invloed 
zijn in de aminozuur biosynthese. Deze analyse resulteerde in de identificatie van tenminste één kandidaat gen voor de meerderheid van de waargenomen aminozuur 
QTLs. In hoofdstuk 5 werd één van de geïdentificeerde QTLs voor γ-aminobutyric acid (GABA) in hoofdstuk 3 verder onderzocht. De genetische analyse van genomische regio’s verantwoordelijk voor variatie in gen expressie, beschikbaar voor de diploïde aardappel 
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populatie, maakte het mogelijk om een expressieQTL voor glutamate decarboxylase (GAD), het eerste enzym in de GABA biosyntheseroute, te identificeren op de zelfde 
positie als de mQTL voor GABA. Deze bevinding en de myriade aan fysiologische reacties waarbij GABA betrokken is richtte ons onderzoek naar de studie van de metabolische relevantie van GABA in aardappel. Hiervoor werd allereerst de regulerende rol van GAD geëvalueerd door het effect van genetische veranderingen in het coderende gen te bekijken. Deze benadering onthulde dat het uitschakelen van de transcriptie van het GAD-gen geen overduidelijk effect heeft op de morfologische kenmerken van de plant, hoewel GABA niveaus aanzienlijk waren verlaagd. In tegenstelling, de over-expressie van een gedereguleerde versie van GAD (GAD∆C) veroorzaakte abnormaliteiten in 
groei en significante veranderingen in de niveaus van aminozuren, koolhydraten en organische zuren. Alhoewel deze resultaten meer licht schijnen op de regulerende rol van GAD is verder onderzoek nodig om de metabolische rol van GABA in de aardappel te duiden. Ten slotte wordt het werk gepresenteerd in dit proefschrift bediscussieerd in hoofdstuk 
6. Dit hoofdstuk bevat de discussie over de implicaties van onze bevindingen voor verder 
onderzoek naar de aardappel. Metaboliet profilering is gevorderd tot een punt waar het waardevolle informatie over de chemische compositie en functie kan verschaffen, hoewel de toepassing van deze technologie nog niet volledig is geëxploiteerd. In hoofdstuk 
6 bediscussieer ik een aantal van de gevorderde toepassingen van deze technologie geïllustreerd met voorbeelden van het werk gepresenteerd in dit proefschrift. Deze multidisciplinaire en integratieve toepassingen gebruiken het volledige spectrum van de genomische technologieën. Doordat de toepassing van metabolomics in gewassoorten aanzienlijk is vergroot in de afgelopen decennia zou het, tezamen met de groeiende 
beschikbaarheid van genoomsequenties, eiwit- en gen-expressie-databases, onze mogelijkheden tot een meer uitgebreid begrip van het metaboloom en fenotype van de plant moeten kunnen vergroten.
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